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Abstract 
Objectives: Little theoretical work has been conducted on the topic of neighbourhood 
effects on health outcomes, let alone within dentistry. Previous work has often 
quantified and described outcomes without proper investigation of potential causal 
mechanisms and pathways. Therefore, the aim of this exploratory research was to 
investigate features of neighbourhood environments that may influence tooth decay in 
adults. 
Methods: Relevant literature was mapped onto a neighbourhood based theoretical 
framework to create numerous pathways by which neighbourhoods influence decay. 
Spatial microsimulation was used to combine data from the Adult Dental Health Survey 
(2009) with Census data to create a synthetic dataset of individuals at the small area 
level for the city of Sheffield (UK), including associated socio-economic, demographic 
and dental characteristics. This data formed the basis of the agent-based models which 
were used to test the theoretical pathways in two contrasting study areas in Sheffield, as 
well as a hypothetical scenario involving an extra shop being added to each location. 
Results: The trends of the agent-based models indicated that the same pathway (the 
interaction between shops, diet and sugar intake) had the largest impact in both study 
areas, leading to statistically significant increases in decay in both cases (p < 0.05). The 
results of the hypothetical simulation involving an extra shop revealed a statistically 
significant decrease in decay in the more affluent study area (p < 0.05), while decay 
scores remained similar in the less affluent study area. 
Conclusions: The findings suggest the interactions between shops, diet and sugar intake 
may be the most important neighbourhood based mechanisms for tooth decay, 
regardless of socio-economic status. However, additional simulations pointed to more 
opportunities to reduce decay in the more affluent study area through the local food 
environment. The implications of these findings are discussed in light of previous 
research and future work. 
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Chapter 1 – Introduction 
1.1. Background and rationale 
Tooth decay is a major public health problem. Kassebaum et al. (2015) found that 
untreated dental caries in deciduous (milk) teeth was the 10th most prevalent condition 
worldwide in 2010, affecting 9% of the global population. In the same year, this was 
found to be the most prevalent condition worldwide in permanent teeth as well, 
affecting 35% of the global population. Research has shown that inequalities in tooth 
decay exist in the UK in both children and adults (Watt and Sheiham, 1999), with 
children in more affluent areas experiencing much lower levels of tooth decay than 
those living in less affluent areas (Public Health England, 2015). 
Inequalities in tooth decay in adults have been identified via a number of social 
determinants of health (Wilkinson and Marmot, 2003), including income (Costa et al, 
2012), socio-economic position (Hobdell et al, 2003), employment (Roberts-Thomson 
and Stewart, 2008) and education (Brennan et al, 2007). However, little theoretical work 
has been conducted on the topic of neighbourhood effects on oral health outcomes, and 
how the environments people live in may affect their teeth. Often outcomes are simply 
quantified and described, without proper investigation of the potential causal 
mechanisms and pathways that may influence these interactions. The need for extensive 
theoretical work to underpin research is vital (Baker and Gibson, 2014), and has been 
called upon within Dental Public Health in order for the field to mature and develop 
(Watt, 2002). Analysis of neighbourhood effects on oral health has specifically been 
identified as a potentially useful line of enquiry (Newton and Bower, 2006). Theoretical 
frameworks such as those developed by Macintyre and colleagues (2002) offer an 
opportunity to address these issues. 
In general, there has also been a lack of simulation modelling within Dental Public 
Health. However, simulation methods offer advantages over traditional statistical 
approcahes that analyse problems in a linear fashion (Speybroeck et al, 2013). Methods 
such as agent-based modelling include the ability to simulate interactions and inter-
dependant feedback mechanisms that occur between individuals, groups and 
environmental factors over time (Auchincloss and Diez Roux, 2008). Other methods, 
such as spatial microsimulation, are capable of creating accurate and representative 
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population datasets for a range of variables at different geographical scales (Ballas et al, 
2006). Methods such as these have rarely been used in Dental Public Health, and never 
together. However, the potential for investigating oral health related outcomes using 
these methods, when guided by appropriate theory, represents an area of huge potential 
for developing our understanding and testing future public health interventions.  
Given this, the rationale for the research conducted in this thesis is as follows. As tooth 
decay is still a major public health problem, with inequalities still present despite 
overall levels falling, the lack of clearly thought out geographical analyses within 
Dental Public Health means that understanding of the importance of place and 
neighbourhood environments to disparities in this disease are lacking. In looking to 
address the spatial inequalities that exist it is important to know which mechanisms may 
be influencing tooth decay in individuals the most. Frameworks such as those proposed 
by Macintyre et al. (2002) take a comprehensive theoretical approach to hypothesising 
potentially important neighbourhood level pathways, while accounting for both 
neighbourhood and individual level constructs. Crucially, simulation methods such as 
agent-based models offer the chance to test these neighbourhood mechanisms in an 
interactive and non-linear fashion, by analysing the effects of various theoretical 
scenarios on an agent population. This combined approach would add to the 
geographical literature within Dental Public Health by producing a comprehensive 
theoretical study of neighbourhood based features, as well as furthering understanding 
of the relationship between these features and tooth decay. Additionally, the application 
of novel simulation methods to a field where they have so far remained underutilised 
offers a new approach to studying population level oral health. 
 
1.2. Aim and objectives 
Based on the above summary and rationale, the overall aim of this research was to 
conduct an exploratory analysis to investigate how neighbourhood effects may 
influence patterns of spatial inequalities in tooth decay in adults. In order to achieve the 
above aim, the three objectives that need to be met are: 
 To identify theoretical pathways by which neighbourhoods influence tooth 
decay 
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 To build simulation models capable of representing these theoretical pathways 
 To use these simulation models to find the most influential theoretical pathways 
within different neighbourhoods within Sheffield 
The first objective will be met through a thorough search of the literature surrounding 
inequalities in tooth decay, and health inequalities more generally, before being mapped 
into theoretically relevant pathways. The second objective will be met through the 
creation of a spatial microsimulation model which will provide a base population 
dataset of individuals, complete with dental related characteristics on which the theory 
will be tested. The creation of agent-based models of neighbourhood environments will 
allow the pathways to be tested in a dynamic and interactive nature, and through this the 
third objective will be met. This will involve running multiple iterations of these 
models, to analyse which theoretical pathways have the largest influence on tooth 
decay. 
 
1.3. Study site 
The city of Sheffield was chosen as the site for this research. Sheffield has been shown 
to have stark inequalities in tooth decay, patterned by social deprivation, in 5 and 12-
year-old children and adults (Public Health England, 2015), and as such makes an 
interesting test site for this research. As of the 2011 Census, the city of Sheffield had a 
population of 552,698 residents living in 229,928 households (Sheffield City Council, 
2011), making it the fifth most populous city in the UK after London, Birmingham, 
Leeds and Glasgow. This included 227,800 individuals of working age (16-74), while 
the total population of over 16s was 452,014. Ethnic groups made up 19.2% of 
Sheffield’s population, while the city’s population is further boosted by its near 67,000 
university students. Historically the city’s industry was based around steel and cutlery, 
which led to a divide between the factories and workers in the east of the city along the 
Don Valley, and the middle classes who moved to the west of Sheffield away from the 
heavy industry (Thomas et al, 2009). The steel industry collapsed in the 1980s, leading 
a shift in the employment structure of the city. Despite this, the historical divides 
between east and west Sheffield remain. Geographically, Sheffield is located centrally 
within England, at the south-west tip of the Yorkshire and Humber region (Figure 1). 
Sheffield is served to the east by the M1 motorway, while a third of the city lies within 
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the Peak District National Park, to the west and north of the city. Sheffield is a city built 
on hills (sometimes optimistically compared with Rome) which constrains the urban 
area and provides it with its unique topography.  
Figure 1: Sheffield’s location within South Yorkshire, the Yorkshire and Humber 
region, and England 
 
1.4. Key terms for tooth decay 
Within dentistry there are numerous terms used to describe decay in teeth. While tooth 
decay is perhaps colloquially the best known term, clinically there are a far wider range, 
each with their own specific meanings. As such there are a number of different terms 
that will be included within this research, specifically when referencing previous studies 
that have analysed decay in some form. These have been defined below: 
 Caries 
o A clinical term synonymous with tooth decay, this refers to the 
destruction of dental hard tissues through acid producing bacteria, in a 
process taking place in the oral biofilm (dental plaque) covering the 
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surfaces of teeth, leading to cavities. Saliva also plays an important role 
(Selwitz et al, 2007). As such caries can be considered a disease process, 
a continuum from subclinical subsurface changes, to clinically detectable 
subsurface changes, to advanced lesions with cavitation of the enamel 
(Pitts, 2004).  
 Cavitated carious lesions 
o Formed as part of the caries process, the net loss of minerals leads to 
lesions on a tooth (Fejerskov, 1997), which if untreated (by not removing 
the oral biofilm for example – Kidd and Fejerskov, 2004) can further 
progress into cavities in the tooth. 
 DMFT – decayed, missing and filled teeth 
o One of the most commonly used measures of decay in Dental Public 
Health, this index can be broken down into its constituent parts (D, M or 
F) for more specific analysis. Typically, the use of capital letters 
(DMFT) refers to the teeth of adults and adolescents, while letters left 
un-capitalised (dmft) refers to the teeth of children. 
 DMFS – decayed, missing and filled surfaces 
o Similar to DMFT, this measure applies to surfaces (S), rather than teeth 
(T). As with the previous measure capitalisation refers to adult and 
adolescent oral health, with the un-capitalised version referring to 
children. 
All of the above terms, while slightly differing in their definitions, represent tooth decay 
in one form or another. Thus while different definitions will be used when referring to 
previous studies, when referring to empirical work as part of this research, and the 
overall aims of this thesis, the term ‘tooth decay’ will be used throughout. This will act 
as a more general term to capture any type of decay affecting the teeth of individuals, 
including the terms defined above. This will also include the outcome variable used for 
this research, represented by the number of decayed or unsound teeth. Here the term 
‘unsound’ refers to teeth with the ‘presence of unrestored dental caries’ (Bower et al, 
2007 – p.120).  
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1.5. Thesis structure 
The thesis is structured as follows: 
Chapter two includes a review of relevant literature, which firstly covers key 
geographical concepts including space, place, and context, as well as a review of 
methods that can be used to study health at the small area level, such as spatial 
microsimulation and agent-based modelling. Secondly this chapter provides an 
overview of relevant literature on the determinants of inequalities in tooth decay, before 
moving on to discuss the current state of the Dental Public Health field with regard to 
spatial analyses of oral health, as well as simulation modelling of oral health outcomes.  
Chapter three introduces the neighbourhood based theoretical framework that was 
used to guide and conceptualise this research. The Dental Public Health literature on the 
determinants of tooth decay was applied to this framework, in order to create theoretical 
pathways by which neighbourhoods may influence tooth decay. The operationalisation 
of the variables included in the pathways is also discussed. 
Chapter four provides a detailed discussion of the workings of a spatial 
microsimulation model, and how this method was applied to a study of tooth decay. 
This includes details on how the technique was used to operationalise the data from the 
theoretical pathways, identified in Chapter three. The validation of these models is then 
discussed, before a demonstration of the benefits of using this method, and the potential 
different uses of the output data. 
Chapter five provides a detailed discussion on the building of the agent-based models 
that were used to test the theoretical pathways, using the data from the spatial 
microsimulation model as their foundation. The first half of this chapter is written in the 
style of the ODD protocol (Grimm et al, 2006), which was designed to provide a 
standardised way of describing agent-based models. The second half of this chapter 
analyses the outputs of the agent-based models (which is not covered by the ODD 
protocol) for two separate simulation scenarios to determine the main results of this 
research. 
Chapter six evaluates the findings from the agent-based models against the theoretical 
determinants identified in Chapter two, to see which themes were supported, and which 
were not, by the results of the agent-based models. A discussion of these findings is 
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followed by a discussion of the trends in the two study areas used in this research, 
before reviewing the strengths and weakness of the approach taken. Finally, the 
assumptions used in the agent-based models are discussed. 
Chapter seven summarises the findings from Chapter six, and discusses these in the 
context of the overall aim and objectives outlined in Section 1.2. The main conclusions 
from this work are then presented, followed by recommendations for future research, as 
well as potential policy implications.  
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Chapter 2 – Neighbourhoods, health and inequalities 
2.1. Introduction 
This literature review is split into two sections. The first will look at some key 
geographical concepts, before moving onto differing views of contextual studies of 
health. Methods for measuring health in contexts at the small area level will then also be 
discussed. The second section will focus on the oral health related elements of this 
research. Firstly, social and environmental determinants of oral health inequalities in 
tooth decay will be discussed in order to ‘set the scene’ for Chapter 3, and the creation 
of the theoretical pathways. Secondly, the previous uses of spatial analysis and 
simulation modelling in the Dental Public Health literature will be discussed, to give an 
idea of the current state of the field. The chapter concludes by presenting a summary of 
these findings.  
 
2.2. Space, place and context 
2.2.1. Space 
Space is a fundamental concept to geography, and all work in the discipline contains it. 
The concept is relational, and only acquires meaning when related to other concepts 
(Mazur and Urbanek, 1983). Massey (1985) highlighted geography’s difficult 
relationship with the notion of space, noting how before 1960 geography had a focus on 
places, difference and distinctiveness, and understanding such links, before the 
quantitative revolution of the 1960s led to notions of causality, scientific law and 
mathematics leading the way. Massey argues that this insistence on generalisability had 
shorn geography of one of its most important concerns, a position which was long 
argued to be untenable. Thrift (2003) attempted to define four main strands of ‘space’, 
these being: Empirical space – referring to processes that construct the mundane fabric 
of daily life; Block space – including processes where pathways of interactions are set 
up around commonly drawn boundaries; Image space – which refers to how the 
abundance of images in society create new visions and meaning for spaces; and finally 
place space, which refers to the ordering of spaces and particular rhythms that naturalise 
and confirm certain places existence. 
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2.2.2. Place 
The last of Thrift’s (2003) strands of space, place, has its own long and contested 
history. Dating back to Plato and Aristotle, the latter saw place as an essential starting 
point for the understanding of space, movement and change (Cresswell, 2009). 
Cresswell (2009) states it was in the 1970’s that place began to become an important 
issue within human geography. Humanistic geographers (Yi-Fu Tuan, 1977) in 
particular critiqued approaches taken by the quantitative revolution within the discipline 
(Berry and Garrison, 1958) that occurred in the 1950’s and 60’s, stating that people 
needed to be thought of ‘as knowing and feeling subjects, rather than either objects or 
simply rational beings’ (Cresswell, 2009 – p.4). Place therefore offered a way of 
relating to the world, with meanings created based on peoples’ experiences.  
Cresswell (2009) further states that while humanistic geographers made the distinction 
between the abstract realm of space, and the felt, or experienced, world of place (Relph, 
1976), this approach was criticised for not including notions of power, and its role in the 
construction, reproduction and contestation of places, and their subsequent meanings. 
Material structures of place were often the result of decisions made by those in the 
highest positions, with meanings likely to be assigned by people with the power to do 
so. Authors such as David Harvey (2000) explored the issue of the dark side of place 
such as gated communities guarding against perceived threats, while the dichotomy in 
the role of place has also been discussed by feminist geographers (Dyck, 1989; Walby, 
1990), who saw ‘home’ as a place representing patriarchal authority, labour and even 
abuse, compared to the ‘ideal place’ as part of the humanistic approach, where feelings 
of security and safety dominate. Critical geographers discussed how place and its 
related meanings can be involved in processes of exclusion through the construction of 
normative places and values, where people can be seen as either ‘in place’ or ‘out of 
place’. This idea has been explored across a variety of themes, including class 
(MacDonald et al, 2005), race (Garland and Chakraborti, 2006), sexuality (Binnie, 
1997), gender (Massey, 1994) and disability (Kitchin, 1998). It has also been well 
documented that these constructions of place are constantly contested, with 
skateboarding on public furniture, graffiti, and loitering among a number of acts of 
resistance (Ferrell, 1995; Flusty, 2000).  
Does place matter though? And if so, how much, and why? Dorling (2001) provides a 
persuasive, and relatable argument, stating that you do not need a degree in geography 
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to know that place matters – we see that it matters in the everyday world around us. He 
cites the example of a subway under a dual-carriageway in his hometown of Oxford that 
divided housing estates, with life opportunities varying depending on the entrance 
taken. Walking through any urban area illustrates variation between different parts of a 
city, which affect residents of these areas in different ways. If all areas were the same 
then place as a differentiating concept would not matter. But they differ, and because of 
this the effects of living in different places has been analysed using both quantitative 
and qualitative methods, on outcomes including income (Galster et al, 2010), education 
(Roscigno et al, 2006), and health (Macintyre et al, 1993). 
 
2.2.3. Context 
The concept of place is similar to context in a number of ways. Gregory et al. (2009) 
define contextuality as ‘the situated character of social life, involving coexistence, 
connections and ‘togetherness’ as a series of associations and entanglements in time-
space’ (p.111). They state that Torsten Hagerstrand (1974) translated the term context 
into geography as part of the ontological and epistemological basis of time-geography, 
while describing contextual approaches, where objects and events are treated in their 
immediate spatial and temporal setting, as having ‘a property of ‘togetherness’ that must 
not be split’ (p.111). Gregory et al. (2009) subsequently define contextual effects as ‘the 
impact of local environments on individuals’ attitudes and behaviour’ (p.110). They 
state that much of social science is based on compositional approaches, where 
behaviours and attitudes are influenced by individuals’ non-geographical positions 
within society, such as social class, where people of similar backgrounds are assumed to 
behave similarly wherever they live. However, as social interactions in places and 
neighbourhoods influence such learning, it may be that similar people living in different 
places act differently due to these interactions with neighbours. The contrast between 
compositional (individual level) and contextual effects strongly influenced geographical 
thinking in the 1980s. Thrift (1983) argued that being in the world involves inclusive 
(being a member of a meaningful world) and positional (a place in the world defined by 
personal characteristics) features, and that learning one’s positional situation is 
structured contextually in locales.  
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2.2.4. Measuring places and contexts with regard to health 
One contentious issue is how places and contexts should be measured and 
conceptualised when looking at population health. Cummins et al. (2007) distinguish 
between ‘conventional’ ways of measuring place, through specific, relatively static 
geographical boundaries where physical distance is a key measure, compared to 
‘relational’ approaches, which views places as nodes in networks, where socio-
relational distance, power relations and cultural meaning are important, and areas are 
fluid and capable of change. The authors make three recommendations: 
 To recognise that context and place vary across both time and space 
 To incorporate appropriate spatial scales to represent both the level at which 
contextual processes are occurring, and the level where the impact of this will be 
expressed  
 To reject the ‘false dualism’ of contextual factors and composite factors - which 
may render traditional definitions too simple in nature 
Such false dualisms can lead to outcomes of individuals in groups being treated as 
independent, a limitation in contextual analysis (Moyses et al, 2006). Macintyre et al. 
(2002) echo the criticism of treating context and compositional effects as mutually 
exclusive, introducing a third ‘collective’ category, focusing more on the cultural, social 
and historic features and norms of communities. 
From a relational view, Cresswell (2009) states a mixture of materiality, meaning and 
practice are encountered in any place. This includes recognisable material structures, 
and material forms which pass through them (people, commodities, etc.), which evoke 
images, or identities of places. Places become places by having meanings attached to 
them, and the practices that take place in them help shape its meaning and identity. As 
Cresswell (2009) states, ‘the sense we get of a place is heavily dependent on practice 
and, particularly, the reiteration of practice on a regular basis’ (p.2). Such patterns 
arguably lead to normative dimensions of place.  
Popay et al. (2003) argue that those removed from such norms face issues of isolation 
and humiliation, and associated negative health consequences, creating environments 
where the protective effects of collective action erode. Smith and Easterlow (2005) 
identified numerous sets of health trajectories related to housing, demonstrating how the 
purchasing of houses in different places has a huge impact when combined with a 
12 
 
variety of different background contexts and health conditions. Bernard et al. (2007) 
attempted to understand place effects on health inequalities by focusing on the 
distribution of more general resources in society, identifying five domains that were key 
to this: physical proximity; economic price mechanisms; access to institutional 
resources; community organisations; and local social links. Plane and Klodawsky 
(2013) have also demonstrated the significance of local amenities such as parks and 
green space to mental health and anxiety. These spaces acted as social environments 
that allowed marginalised women to establish friendships and community activities 
which benefited their mental health, while the perception of these places changed to a 
more threatening nature at night. Clearly relational views offer a great deal in terms of 
understanding the effects of place and context on health. As conventional studies form 
the basis for the approaches taken in this research, these will be assessed more fully in 
the next section.  
 
2.2.5. ‘Conventional’ studies of health inequalities 
Conventional studies have perhaps not been helped by the number of different 
definitions presented within the literature. Terms such as ‘area’, ‘place’ and 
‘neighbourhood’ are often used interchangeably, but have no consistent definition 
(Borenstein et al, 2013). Paradoxically, it becomes difficult to study this field without 
including and using a variety of different search terms, for fear of missing out on certain 
studies. Multiple definitions have therefore been researched in this section, despite the 
potential problems associated with this, but in general these studies have a 
‘conventional’ approach (Cummins et al, 2007) due to their quantitative nature. 
The analysis of geographical patterning of health dates back to the work of John Graunt 
in the 17th century, who found higher mortality rates in London than in rural locations, 
hypothesising environmental pollution as its cause (O’Reilly et al, 2007). Geographical 
analysis of neighbourhoods and their effects on health can be traced to the pioneering 
work of John Snow (1813-1858), which investigated cholera outbreaks in Soho, 
London. More recently, Curtis and Rees-Jones (1998) have argued for geography’s 
place in understanding health inequalities, stating there is empirical evidence that 
context and places have power in explaining such patterns, independent of individual 
attributes, despite their review suggesting that individual characteristics ‘explain more 
of the statistical variability in health’ (p.667). These sentiments have been echoed in the 
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work of Pickett and Pearl (2001), and Riva et al. (2007), whose reviews found evidence 
for sometimes modest neighbourhood effects on health, despite the methodological 
drawbacks of the studies involved. The issues identified by Riva et al. (2007) are 
detailed in Table 1. Pickett and Pearl (2001) have hypothesised that a perceived lack of 
contextual studies of health in the past could partly be due to the focus on individual 
behaviours and interventions by policy makers, combined with attempts to avoid 
violating the ecological fallacy. 
Table 1 – Conceptual and methodological issues associated with neighbourhood effects 
on health – adapted from Riva et al. (2007) 
Conceptual or 
methodological issue 
Description 
Conceptualising causal 
pathways 
Lack of fully articulated theoretical frameworks with 
testable hypotheses 
The ecological unit of 
analysis 
Defined as ‘neighbourhoods’, ‘small areas’, ‘local areas’, 
‘place’, these labels have been used interchangeably 
without concern, despite concerns over not appropriately 
defining the nature of the ecological units of analysis 
Defining the spatial 
contours of ecological 
units of analysis 
Usually defined by administrative and statistical spatial 
units, these may be of limited value as they lack intrinsic 
meaning in relation to health, may not correspond to 
spatial distributions of environmental features, and may 
not match how residents define their neighbourhoods 
Defining ecological 
exposures 
Research has tended to aggregate data from individuals to 
create neighbourhood based variables, giving less 
attention to ecological exposures 
Controlling for 
individual-level 
variables 
Lack of consistency in controlling for individual level 
variables, as well as whether these should be considered 
as confounders, moderators, or mediators of the 
association between neighbourhoods and health 
Power, sample size, and 
representativeness 
Considerations around statistical power and sample sizes 
are often neglected 
Use of multi-level 
modelling techniques 
These have not been applied regularly enough, potentially 
limiting novel perspectives from their application. Results 
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Conceptual or 
methodological issue 
Description 
are also mainly reported for fixed effects, with the 
ramifications of random effects less well explored 
Disentangling context 
from composition 
There are arguments for disentangling the effects of 
where people live (context) from individual 
characteristics (composition), whereas some have argued 
this is a false issue as the two are inextricably intertwined 
Dearth of longitudinal 
and experimental 
designs 
Few studies have research designs beyond cross-sectional, 
which limits the duration and timing of ecological 
exposures and ascribing causality. Also, as people and 
neighbourhoods, and the relation between the two change 
over time, longitudinal designs take on extra importance 
 
Boyle and Willms (1999) present their own definition of place effects as the 
combination of ‘contextual and environmental factors that influence individual 
susceptibility to disease’ (p. 577), however also found that place effects associated with 
administrative boundaries accounted for very little variance in health. Places defined by 
using spatial scales from administrative data could be a poor proxy for what ‘places’ or 
neighbourhoods are, and how people relate to them in a meaningful way (Diez Roux 
and Mair, 2010; Entwisle, 2007). Vallee et al. (2015) refer to the ‘constant size 
neighbourhood trap’, referencing the way spatial units fail to account for the ways 
residents experience their neighbourhoods, using custom GIS algorithms to demonstrate 
that perceptions of neighbourhood boundaries were often smaller than official, 
municipal boundaries when considering neighbourhood resources. These boundaries 
tended to be larger in more affluent areas, and left poorer populations less well served 
by healthcare services. Haynes et al. (2007) also used custom boundaries to demonstrate 
that residents in Bristol (UK) described conditions within very small areas from their 
home as their neighbourhood, contrary to larger administrative boundaries. This 
highlights the importance of considering what is being studied when deciding which 
boundaries may be most appropriate (Pickett and Pearl, 2001). Pampalon et al. (1999) 
echoed these sentiments, finding local level variation in health perception more 
frequently than at regional level. Despite the faults of administrative boundaries, Owen 
et al. (2016) state that geographical units such as output areas, created using automated 
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zone design processes to aggregate postcodes, could be a combined to create more 
meaningful spatial units. Ellen et al. (2001) also leant their support to the idea of Census 
Tracts as a suitable proxy for neighbourhood conditions, contrary to much of the 
literature.  
Entwisle (2007) states that agency needs to be considered in such studies, as choice can 
impact on overall patterns. This is problematic for cross-sectional studies, specifically 
when attempting to draw causal inference (Diez Roux and Mair, 2010). People are 
likely to change neighbourhoods at various points in their lives (Diez Roux, 2001), and 
health conditions may not be due entirely to living in the neighbourhood being studied, 
as people have life histories unrelated to their current place of residence (Pickett and 
Pearl, 2001). Neighbourhoods themselves are likely to change over time as well, 
potentially through collective action or patterns of behaviour of residents (Entwisle, 
2007), highlighting the benefits of longitudinal approaches (Diez Roux, 2001; Curtis et 
al, 2004). Further, regional and national level decisions have important impacts on 
structural and economic factors at the local level. Neighbourhoods are not enclosed 
enough to withstand the often uneven effects of such decisions at higher geographies 
(Entwisle, 2007). The danger of focusing on neighbourhoods is that effects of policies 
or actions in other neighbourhoods could be missed or under accounted for (Owen et al, 
2016). However, it has also been argued that local neighbourhood environments are 
more important to health than the wider regions the neighbourhoods are situated in 
(Blaxter, 1990).  
A number of methodological consideration have also been identified. Macintyre et al, 
(2002) state that individual characteristics are likely constrained by ‘properties of the 
locality’ (p.129), and when controls are added to statistical models they may in fact be 
intervening variables ‘on the pathway between place and health’ (p.129). Pickett and 
Pearl (2001) have offered similar comments, stating that analyses need to consider how 
adjusting models may bias the outcome, as well as being explicit about the causal 
pathways involved. This lack of theorising of pathways and mechanisms that link where 
people live, and have lived, to their health has also hampered understanding. Place is 
sometimes seen as ‘some mythical single entity which directly influences health’ 
(Macintyre et al, 2002 - p.130), rather than a term summing up certain social, material 
and psychological exposures which affect health. 
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2.2.6. Empirical conventional studies of contexts and health 
Pearson et al. (2013) state that there are three aspects of neighbourhoods that influence 
health – built, physical and social elements. Their study of health resilience in New 
Zealand found built features such as access to healthcare and proximity to gambling and 
alcohol outlets to be significant, while important physical factors included 
environmental deprivation, access to safe water, and air quality. Living in urban areas, 
social fragmentation and the churn of residents were the most important social factors. 
The authors hypothesised that a strong sense of community can be important for health 
resilience, an idea echoed by Ellen et al. (2001), who roughly concur regarding the three 
influential health related features of neighbourhoods identified by Pearson et al. (2013). 
The trichotomy suggested by Pearson et al. (2013) mirrors the general themes within the 
health inequalities literature. Examples of relevant studies of built environments 
includes Macintyre et al. (2003), who found inequalities in access to favourable 
amenities by housing tenure types, demonstrating the importance of everyday structural 
elements and amenities. Their study acknowledges that effects are likely to vary by 
context, fitting with conclusions on health varying significantly at the local level 
(Pampalon et al, 1999) and broader regional levels (Curtis et al, 2004), supporting the 
idea that 'one size fits all' policies may not be appropriate. Further examples include 
Pearce et al. (2006) whose theory based study analysed resource availability in New 
Zealand, demonstrating strong urban-rural gradients in access to fresh food shops, as 
well as intra-urban inequalities in access. In a similar study however, despite vegetable 
consumption increasing with poorer accessibility to fast food outlets, Pearce et al. 
(2009) found little evidence of an association between fast food locations and poor 
health. Similarly, MacDonald et al. (2011) demonstrated that groups expected to be 
more sensitive to their immediate environments (females, the unemployed, and those 
without cars) were in fact not, when studying the link between supermarket access, diet 
and BMI. Access to, and increased intake of certain food types are associated with 
diseases such as diabetes, and Noble et al. (2012) present a novel way of visualising risk 
factors using various GIS methods, also demonstrating correlations between these risks 
and deprivation. The study’s use of heat mapping presents a potential solution to issues 
with neighbourhood boundaries suggested by some authors (Pereira et al, 2010).  
These studies are important for their inclusion of built environmental features, and not 
aggregated individual level data (Pickett and Pearl, 2001). Friche et al. (2012) attempted 
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to create neighbourhood level variables through aggregating individual level survey 
responses on issues such as public services, neighbourhood aesthetics, participation, 
violence and social capital, and this approach sits somewhere between the two. The use 
of built environmental features is important, as Macintyre and colleagues (1993) 
differentiate between studies on the role of areas in influencing health, and those that 
merely use areas as ‘vehicles’ for exploring links between material deprivation in the 
causes of ill health. 
Examples of the importance of the physical environment includes the work of Pearce et 
al. (2010), who cite the concept of environmental justice, or preventing groups being 
'deprived of their environmental rights' (Cutter, 1995 - p.113), which may impact on 
health. Analysis of salutogenic and pathogenic variables showed clear associations with 
environmental deprivation (physical, chemical and biological factors) and income 
deprivation, with a clear north-south gradient. Mitchell and Popham (2008) highlight 
the importance of environments in promoting healthy behaviours and attitudes, using 
clearly defined theoretical pathways to demonstrate that access to green space increased 
as deprivation decreased, this being associated with lower rates of mortality and 
circulatory diseases. Inequalities in diseases were also lower in areas with greater access 
to green space. Ferguson et al. (2013) have shown that material resources such as 
transportation are also important for accessing recreational physical activities, which 
was higher by car than by bus among the most affluent quintile in Scotland, with bus 
access in general having more limited hours. 
Social features of local environments also play a key role. These include collective 
actions, beliefs and behaviours, differentiating the concept from individual behaviours. 
McNeil et al. (2006) have commented that this influence occurs through creating norms, 
patterns of social control, varying opportunities to engage in certain behaviours, 
increased or decreased stress levels, and the constraining of individual choices. Their 
study highlighted the importance of social support, socio-economic position and 
inequalities, racial discrimination, and social capital and cohesion as key to differences 
in physical activity rates. A review by Pearce et al. (2012) came to similar conclusions, 
finding social practices, contagion effects, neighbourhood crime, disorder and stress, 
and social capital to be associated with increased smoking levels. Lochner et al. (2003) 
also demonstrated the importance of social capital, despite finding differences by race in 
the association between social capital and neighbourhood mortality rates in Chicago.  
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Within this literature there is a definite theme of neighbourhood level variables having 
an influence on health, despite some research finding that individual level factors were 
far more important than those of an ecological nature (Sloggett and Joshi, 1994), while 
others found only modest effects, based on sometimes flawed methodologies (Pickett 
and Pearl, 2001; Riva et al, 2007). Nevertheless, there seems enough evidence to make 
contextual variables worthy of studying to test for their importance to health. There is 
however no clear agreement on how to represent the relationship between 
neighbourhoods and health. This section has highlighted the many concerns involved in 
such studies, and both relational and conventional approaches highlight issues that need 
addressing. However, Diez Roux (2010) contends that it is not necessarily ‘whether the 
definition of neighbourhoods used in the research is the right one, but whether the 
measure for the spatial context available is likely to be a reasonable proxy for, or highly 
correlated with, the true causally relevant spatial context’ (p.134). Therefore, a more 
practical approach may be to ensure that the context of the research is appropriate for 
the outcomes it is studying. It may also be possible to combine elements of conventional 
and relational viewpoints, as they share some similar traits. Both point to contributions 
of individual level characteristics and social networks, as well as area level factors in 
determining local level health inequalities, and the use of longitudinal research design. 
Therefore, a theoretical approach using conventional statistics and data, and the 
attitudes, values and meanings of relational studies, at an appropriate spatial scale and 
over a certain time period would seem a sensible way to proceed.  
 
2.3. Methods for the analysis of neighbourhoods – spatial 
microsimulation modelling 
Guy Orcutt (1957) is considered the creator of microsimulation, which was used as a 
method ‘to generate large synthetic population data to analyze the impacts of population 
changes on government policies and vice versa’ (Koh et al, 2015 – p.20). Since Orcutt’s 
work the method has been developed for use within geographical studies. These models 
become spatial when geographical information about the individuals involved is 
available, with Clarke et al. (1984) the first to integrate this information into a ‘spatial’ 
microsimulation model. Thus spatial microsimulation is used as a technique for creating 
simulated population microdata sets at the small area level (Ballas et al. 2006). The key 
procedure behind the method is the combining of Census data and survey data, by 
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sampling or reweighting individual level microdata (often surveys) so that they match 
Census population totals. The ‘small area level’ at which the analysis is conducted will 
vary by country depending on data availability, and common variables present in both 
datasets.  
There are a number of types of spatial microsimulation models, with Ballas et al. 
(2005a) offering a useful overview of the different approaches. The first distinction is 
between static and dynamic models, with the former based on ‘a single snapshot’ (p.8), 
or cross-sectional view of a population at one point in time. Dynamic models on the 
other hand are used to ‘age the attributes of each micro unit’ (p.8), constructing a 
dataset that projects the characteristics of these micro units into the future. There are a 
number of different types of static microsimulation models, including:  
 Synthetic probabilistic reconstruction models - these involve random sampling 
to select records from microdata sources 
 Probabilistic reweighting models – which reweight existing national microdata 
to fit geographical areas, using random sampling and optimisation techniques 
 Deterministic reweighting models - which reweight microdata to fit small area 
characteristics, but without the use of random sampling, so results are consistent 
There are also several dynamic microsimulation approaches: 
 Probabilistic dynamic models - which use probabilities to project individuals 
into the future 
 Implicitly dynamic models - which use small area projections, before applying 
static microsimulation methods to create microdata statistically 
Far from being one singular method, there are numerous ways of approaching this 
technique. For example, iterative proportional fitting (IPF) is a deterministic 
reweighting method, which Norman (1999) describes as ‘a weighting system whereby 
the original table values are gradually adjusted through repeated calculations to fit the 
row and column constraints’ (p.2). Here, the term ‘constraint’ refers to variables that are 
known about an area, i.e. the number of males and females, which as mentioned 
previously are common to both datasets involved in the simulation. The calculations 
reweight one source of data to match the cross tabulated column and row totals of 
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another, usually matching survey data to Census totals. A more detailed example of this 
will be given in Section 4.3, when discussing the models used in this research.  
Other reweighting techniques include simulated annealing (SA), a probabilistic 
reweighting method, which works by iteratively selecting a random combination of 
individuals from a survey that sum to the same population totals as those present in the 
Census (Tanton, 2014). A new random sample is collected to address the error in the 
model, and when this error improves the changes are accepted, and the number of 
individuals being replaced falls (Morrissey et al, 2008). Another approach is Monte 
Carlo sampling, a probabilistic dynamic technique using a random sampling method 
based on probability distributions, which are then applied to individual characteristics 
(Birkin and Clarke, 1989), and can be used dynamically to age these characteristics. The 
choice of technique is likely to vary, and to some degree is subjective. Some authors 
have stated that simulated annealing can have more accurate results (Williamson, 2013), 
while IPF is notable for its consistency in producing the same results after each run. The 
method used in this research will be discussed in greater detail in Chapter 4. 
Regardless of the technique employed, the method as a whole has several advantages, 
including overcoming the lack of spatially disaggregated data in surveys, due to the 
creation of the new datasets at either the individual or household level. This has the 
potential to help address some of the data issues in relation to neighbourhood based 
studies identified in Section 2.2.5 (Diez Roux and Mair, 2010), as the method allows 
researchers to work up from the individual level. Secondly, surveys may underestimate 
certain groups within a population (Smith et al, 2007) therefore reweighting or sampling 
survey data at a national level will not include such groups in the data, whereas the 
matching techniques used in spatial microsimulation means it is possible to include 
these groups (Morrissey et al, 2008).  
It is also worth acknowledging what spatial microsimulation cannot do. Ballas et al. 
(2005a) have stated that the method is not suited to analysing long-term behavioural 
trends, particularly in relation to policy changes. This could be problematic for studying 
oral health, where behaviours, and potential changes in these play an important role (see 
Section 2.5.2). Additionally, scenarios involving ‘variables that are affected 
considerably by external and localised factors’ including public transport and transport 
networks, or disproportionately large industries and single employers are also not suited 
to such analysis. It should also be remembered that ‘spatial microsimulation outputs are 
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model estimates (the reliability of which depends on a wide range of factors) and not 
findings’ (Ballas et al, 2005a – p. 14). Lovelace and Dumont (2016) have also warned 
that the outputs of such models are not ‘new’ datasets as such, as ‘the ‘new’ individuals 
are simply repeats of individuals we already knew about from the individual level data, 
albeit in a different order and in different combinations’ (p.37). While this is true, it 
could equally be argued that these datasets did not exist before in anywhere near this 
much detail, so the outputs of such models are certainly providing something new for 
researchers to use in understanding population trends and dynamics.  
 
2.3.1. Health related applications of spatial microsimulation 
A further advantage of the ‘bottom up’ approach of spatial microsimulation is that 
outputs of such models can been used to study health inequalities at a variety of spatial 
scales. For example, work by Mitchell et al. (2002) has demonstrated the difficulty in 
using available Census data to study multiple factors associated with patterns of 
mortality, while also exhibiting the benefits of microsimulation, specifically IPF, in 
solving such problems. Table 2 contains a list of the studies which have employed 
spatial microsimulation in the study of health related outcomes. These have been 
conducted at the national level in numerous countries including Austria (Tomintz et al, 
2016), England (Riva and Smith, 2012; Clark et al, 2014), Scotland (Campbell, 2011; 
Campbell and Ballas, 2013), The Netherlands (De Graaf-Ruizendaal and De Bakker, 
2014), The Republic of Ireland (Morrissey et al, 2013a), New Zealand (Smith et al, 
2011), Australia (McNamara et al, 2010), Sweden (Brouwers et al, 2010), and the USA 
(Koh et al, 2015). Fewer analyses have taken place at the regional level, with a study of 
adult obesity in England (Edwards et al, 2011), an estimate of regional disability in New 
South Wales, Australia (Lymer et al, 2008), and a study of GP access in the Republic of 
Ireland (Morrissey et al, 2008) among the examples of these. A higher number of 
studies have been conducted at the city level (or lower) however, and of these the 
majority have been conducted in England, and more specifically within the Yorkshire 
and Humber region. Given that the research within this thesis is concerned with 
neighbourhoods in a city in this region, it would be prudent to focus on previous 
analyses within this region and the scenarios these have been applied to, before also 
reviewing relevant regional and national level studies.  
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Table 2 – List of spatial microsimulation studies focused on health related outcomes 
Authors Country Method Scale Outcome(s) 
Tomintz et 
al. (2016) 
Austria 
Deterministic 
reweighting 
State/ 
municipality 
Smoking 
prevalence 
Burden 
and Steel 
(2016) 
Australia Simulated annealing State 
Diabetes, 
angina 
Campbell 
and Ballas 
(2016) 
Scotland 
Deterministic 
reweighting 
City (OA) 
Smoking 
prevalence, 
subjective 
well-being, 
alcohol 
consumption, 
obesity 
Shulman et 
al. (2015) 
England Simulated annealing 
Regional 
(MSOA) 
Hospitalisation 
rates, heart 
disease 
Koh et al. 
(2015) 
USA 
Deterministic 
reweighting 
City (Census 
Tract) 
Obesity 
prevalence 
Morrissey 
et al. (2015) 
Ireland Simulated annealing Country (ED) 
Depression, 
access to 
services 
Clark et al. 
(2014) 
England 
Combinatorial 
optimisation 
National 
Heart disease, 
stroke, 
diabetes, 
cancer, 
respiratory 
disease, 
arthritis 
Cataife 
(2014) 
Brazil 
Combinatorial 
optimisation 
City (Census 
Tract) 
Obesity and 
dietary 
patterns 
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Authors Country Method Scale Outcome(s) 
De Graaf-
Ruizendaal 
and De 
Bakker 
(2014) 
The 
Netherlands 
Not stated National 
Provision of 
local 
healthcare 
services 
Morrissey 
et al. 
(2013a) 
Republic of 
Ireland 
Simulated annealing 
National/ 
regional 
Hospital 
utilisation 
Morrissey 
et al. 
(2013b) 
Republic of 
Ireland 
Simulated annealing County (ED) 
Long-term 
illness, GP 
access 
Campbell 
and Ballas 
(2013) 
Scotland 
Deterministic 
reweighting 
National 
Long term 
illness 
Riva and 
Smith 
(2012) 
England 
Deterministic 
reweighting 
National 
Psychological 
distress & 
alcohol 
consumption 
Hermes 
and 
Poulson 
(2012) 
England 
Combinatorial 
optimisation 
City (OA) 
Smoking 
prevalence 
Edwards et 
al. (2011) 
England 
Combinatorial 
optimisation 
Regional 
(OA) 
Obesity 
Smith et al. 
(2011) 
New 
Zealand 
Deterministic 
reweighting 
National 
Smoking 
prevalence 
Campbell 
(2011) 
Scotland 
Deterministic 
reweighting 
National 
Inequalities in 
ill health 
Morrissey 
et al. (2010) 
Republic of 
Ireland 
Simulated annealing 
National 
(ED) 
Depression, 
access to 
services 
24 
 
Authors Country Method Scale Outcome(s) 
McNamara 
et al. (2010) 
Australia 
Deterministic 
reweighting 
National 
Housing 
disadvantage 
Brouwers 
et al. (2010) 
Sweden Dynamic National 
Smallpox 
transmission 
Edwards et 
al. (2010) 
England 
Deterministic 
reweighting 
City (Census 
Ward) 
Obesogenic 
environments 
Edwards 
and Clarke 
(2009) 
England 
Deterministic 
reweighting 
City (LSOA) 
Obesogenic 
environments 
Lymer et 
al. (2009) 
Australia 
Deterministic 
reweighting 
State 
Need for aged 
care services 
Proctor et 
al. (2008) 
England 
Deterministic 
reweighting 
City (LSOA) 
Obesogenic 
environments 
Tomintz et 
al. (2008) 
England 
Deterministic 
reweighting 
City (OA) 
Smoking 
prevalence 
Morrissey 
et al. (2008) 
Republic of 
Ireland 
Deterministic 
reweighting/ 
Probabilistic dynamic 
Regional GP access 
Lymer et 
al. (2008) 
Australia Simulated annealing State 
Disability and 
need for care 
Smith et al. 
(2007) 
England 
Deterministic 
reweighing 
City (OA) 
Obesity, Type 
2 Diabetes 
Ballas et al. 
(2006) 
England Implicitly dynamic 
City (Census 
Ward) 
Limiting long 
term illness,  
anxiety and 
depression, 
alcohol and 
drug problems 
Ballas et al. 
(2005b) 
Republic of 
Ireland 
Deterministic 
reweighting/ 
Probabilistic dynamic 
National 
Fertility, 
mortality 
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2.3.2. Spatial microsimulation studies of the Yorkshire and Humber region 
Spatial microsimulation has been applied at the city level in the Yorkshire and Humber 
region on numerous occasions. Ballas et al. (2006) used the British Household Panel 
Survey and small area Census data to simulate anxiety, depression, limiting long term 
illness, and drug and alcohol problems over a 30-year period in an exploratory analysis 
based on the population of York, UK. Through use of the 2005 General Household 
Survey, Tomintz et al. (2008) assessed the effectiveness of stop smoking services in 
Leeds by estimating individual smoking rates at the output area level. Further research 
in Leeds includes the work of Procter et al. (2008), who used the SimObesity model to 
investigate childhood obesity at the Lower Layer Super Output Area (LSOA) level, 
finding that obesity prevalence decreased in areas with higher incomes. Edwards and 
Clarke (2009) made further use of this model to investigate patterns in obesogenic 
environments across Leeds, demonstrating strong links between both social capital and 
poverty in patterns of childhood obesity. A Further study using the SimObesity model 
compared obesogenic environments in three Census wards of differing deprivation in 
Leeds (Edwards et al, 2010), and concluded that obesity levels were highest in the most 
and least deprived wards. Key local covariates associated with obesity differed 
however, as neighbourhood safety and fruit and vegetable consumption were more 
strongly associated with affluent areas, while food expenditure, purchasing school 
meals, TV ownership and internet access showed the strongest associations in deprived 
areas.  
By optimising their SimHealth model (focusing on diabetes and obesity in Bradford), 
Smith et al. (2007) found a number of interesting conditions that improved the fit of 
their IPF models. These included: constraint order (with age proving the most effective 
first constraint); running the model in clusters of similar areas; and leaving weights as 
decimals rather than integers. Finally, Shulman et al. (2015) represents the only regional 
study of this area, analysing small area hospitalisation rates and heart disease in 
Kirklees, Wakefield, Leeds, Bradford, Harrogate and York at the Middle Layer Super 
Output Area (MSOA) level. Similar to Edwards et al. (2010), different variables proved 
important in different locations, with higher levels of heart disease being associated 
with low social class and the proportion of non-white residents in Bradford, elderly 
residents in semi-rural Harrogate and York, and a mixture of elderly, low affluent and 
non-white populations in Leeds.  
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2.3.3. National and regional level studies 
Despite the intention of this study to use spatial microsimulation to study trends across 
one city, it would seem sensible to look at relevant studies that have been conducted at 
the national level, and in other regions. The Republic of Ireland has been the focus of an 
increasing number of studies, with Ballas et al. (2005b) constructing a dynamic spatial 
microsimulation model (SMILE) focusing on fertility, mortality and internal migration 
patterns within the country, finding their model compared favourably to other 
projections based solely on population. The SMILE model acted as the basis for the 
work of Morrissey et al. (2008), who focused on access to GP services in rural areas of 
County Galway. This demonstrated that the probability of attending a GP increased 1% 
with each additional unit increases in income, and that areas with the highest probability 
of attendance had the lowest levels of access. Morrissey et al. (2010) made further 
additions to the SMILE model to simulate depression rates in the Republic of Ireland at 
the Enumeration District (ED) level. The simulated data demonstrated higher rates of 
depression in the north-west and west of the country, while the addition of a spatial 
interaction model to the analysis demonstrated that the distribution of psychiatric 
services did not match the spatial distribution of depression.  
Clark et al. (2014) used combinatorial optimisation techniques to analyse a range of 
morbidity estimates in elderly English populations. Strong regional patterns emerged 
from the model, with southern regions ranking higher in cancers, while heart disease 
and respiratory illness were more prevalent in northern areas. Finally, Campbell and 
Ballas (2016) used the SimAlba model to demonstrate inequalities in the spatial 
distribution of a variety of health outcomes (See Table 2) in Glasgow, Scotland. 
‘Unhealthy’ areas were found to be clustered in the East End of the city, as well as 
Easterhouse and Castlemilk, compared to far lower frequencies of such areas in the 
more affluent western regions of the city.  
These examples demonstrate the flexibility of the method with regard to the choice of 
outcome variables. Further flexibility is demonstrated by Ballas et al. (2006), who 
combined the data from their model with GIS software to visualise the spatial patterning 
of their output variables, while Morrissey et al. (2010) were able to incorporate a spatial 
interaction model into their research to test service coverage for individuals with higher 
levels of depression. This bodes well for innovative approaches to using the technique 
in the future. Other questions of the method remain however, such as the validity of the 
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outputs. Validation forms a key part of the process, and will be discussed fully in 
Chapter 4, along with the creation of the models used in this research. 
 
Spatial microsimulation can be used to ascertain more detailed data on individuals and 
their lives, as well as the spatial patterning of these variables. The models are to some 
degree limited by the data which is available to them however, and it is important that 
the data standing as a proxy for a particular variable is suitable. Its inability to 
accurately model behavioural trends means it may also lack some of the important 
mechanisms associated with relational and qualitative analyses of health inequalities. 
However, a microsimulation dataset for use in a dynamic model capable of representing 
such change, constructed around explicit theory to guide the research, would have huge 
potential. There is also a significant gap within the dental literature, with no ‘spatial’ 
microsimulation models having been conducted. Finally, while many studies have been 
conducted in the Yorkshire and Humber region, none have focused on the region’s 
second largest city, Sheffield, instead being concentrated primarily in Leeds, as well as 
York and Bradford.  
 
2.4. Methods for the analysis of neighbourhoods - agent-based 
modelling 
Auchincloss and Diez Roux (2008) define agent-based models as ‘computer 
representations of systems consisting of a collection of discrete microentities interacting 
and changing over discrete time steps that give rise to macrosystems’ (p.3). Macal and 
North (2010) explain that these emerging macro-systems, represented as patterns, 
structures and behaviours, are ‘not programmed into the models, but arise through the 
agent interactions’ (p.151). Further, they state that the focus on modelling 
heterogeneous agents across populations, and ‘the emergence of self-organization’ 
(p.151) are two key and distinguishing features that result in agent-based models 
comparing favourably with other simulation methods such as system dynamics and 
discrete event simulation.  
Agent-based models can be traced back to cellular automata models in the 1970’s. 
These patch based simulations included Gardner’s (1970) Game of Life, while the work 
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of Schelling (1971) represents one of the first, and most famous attempts to model 
human and societal behaviour. Many early agent-based models took the form of these 
models, gradually increasing in complexity over time. Sugarscape, a model created by 
Epstein and Axtell (1996), is a good example of this in the social sciences, with agents 
free to move from cell to cell, and cells containing spatially distributed resources that 
agents could acquire from the environment. Agent-based models have evolved as 
computational capacity has, and are now used across a wide range of academic subjects 
including molecular modelling, biology, ecology, epidemic and pandemic modelling, 
computational sciences, economic modelling, market analysis and various other ‘real-
world’ systems including traffic, air traffic control, military manoeuvres and physical 
infrastructure such as electric power and energy markets (Macal and North, 2010). 
Similar to spatial microsimulation, agent-based models have a ‘bottom up’ approach, 
concerned with behaviours and characteristics at the individual level. It is the sum of 
these characteristics and behaviours, and the interaction of these over time, that 
represents the system level model (Teweldemedhin et al, 2004). This is opposed to ‘top-
down’ approaches, which specify global characteristics and system level behaviours. 
Systems are then divided into smaller parts, but generally ignore individual level 
characteristics, exploring these at a system level instead (Teweldemedhin et al, 2004). 
As such, bottom up approaches are more suited to analyses involving individual 
interactions in small area geographies. Features of such models are often simplified, due 
to the difficulty in modelling human processes exactly. While some features of these 
models can become oversimplified, this adheres to the ‘KISS’ principle (‘Keep it 
simple, stupid!’) introduced by Robert Axelrod (1997). This emphasises the importance 
of simplicity in design, so as not to make the model, or its output too confusing to 
interpret. 
There is no agreed upon definition of what an agent is, but Crooks and Heppenstall 
(2012) outline three principles which each agent must adhere to, these being: 
1. Autonomy – agents must be ‘governed without the influence of centralised 
control’ (p.87), and be able to absorb and exchange information with other 
agents, who they are free to interact with. This in turn informs decision making. 
2. Heterogeneity – ‘Agents permit the development of autonomous individuals’ 
(p.87). Agents will have individual attributes regarding age, sex, occupations, 
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etc. Any groups of agents that exist are created from amalgamations of these 
autonomous individuals. 
3. Activity – ‘Agents are active because they exert independent influence in a 
simulation’ (p.87). Agents should therefore be: pro-active and goal directed, 
reactive and perceptive, interactive and communicative, mobile, adaptive and 
capable of learning, and finally having ‘bounded rationality’ – it is assumed that 
the choices of agents are rational, and that by bounding this rationality agents 
can ‘make inductive, discrete, and adaptive choices that move them towards 
achieving goals’ (p.87). 
Further, agent-based models contain rules that have direct effects on agent behaviour 
and interactions, with these typically based on theory, expert knowledge or data 
analysis. Rules can be applied across groups or individually, and are usually based 
around ‘what if’ scenarios, while the behaviour of agents can also be specified when 
interacting with other agents and their environment. These interactions are key to the 
running of the models, and Macal and North (2010) state that ‘the two primary issues of 
modelling agent interactions are specifying who is, or could be, connected to who, and 
the mechanisms of the dynamics of the interactions’ (p.154). Further, Torrens and 
McDaniels (2013) have stated that ‘agents’ dynamics in simulation are not scripted; 
rather, they are processed or computed from a model that determines their behavior 
given agent characteristics (states) and algorithms (rules) that feed on agents’ 
endogenous attributes’ (p.23). 
Environments within agent-based models can be equally as important, and are 
demarcated areas in which agents operate, or a ‘miniature laboratory where the 
attributes and behaviours of agents, and the environment in which they are housed, can 
be altered and the repercussions observed’ (Crooks and Heppenstall, 2012 - p.90). The 
locations of agents in these environments may or may not be relevant, depending on the 
type of study being conducted. Agent-based models are extremely useful for observing 
events that, when in the field, only become obvious when the process has already 
started and is progressing (such as segregation), meaning taking records of the event 
becomes impossible (Batty et al, 2004). The method allows for the reconstruction of 
such processes and environments, which can be followed from start to finish.  
As with spatial microsimulation, validation of agent-based models is crucial to their 
relevance. This is potentially more difficult given that these models may not have 
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defined output in the same way a microsimulation model does, depending on what is 
being studied. Heppenstall et al. (2016) have stated that validation is an area that agent-
based modelling can still improve in, and this will be discussed in more depth in 
Chapter 5, which details the agent-based models used in this research.  
 
2.4.1. Health based applications of agent-based models 
Agent-based models are well suited to studying health inequalities. Speybroeck et al. 
(2013) reviewed a number of simulation methods and concluded that ‘among all 
approaches explored in this review, ABM is likely the most suitable tool for studying a 
complex health inequality situation as it integrates most of the characteristics of a 
complex system’ (p.5762), including feedback loops to provide insights that are 
potentially beyond traditional statistical models, through complex non-linear 
interactions and relationships. Due to the highly interdisciplinary nature of the method 
there are numerous examples of health oriented agent-based models, covering a wide 
range of topics. There are too many to cover here, so instead this section will aim to 
give a flavour of the breadth of themes researched using these models in a public health 
context. 
Auchincloss et al. (2011) used agent-based models alongside behavioural economics 
literature to investigate the effects of economic segregation on healthy food 
consumption, demonstrating that price was the key driver for preferences, even when 
low income families had a preference for healthier food. Yang et al. (2011) investigated 
urban walking patterns, using survey data to calibrate their model. Despite no explicit 
assumptions being made about socio-economic status, their models showed that those 
with lower SES walked further for transportation reasons, and less for leisure, 
demonstrating that patterns emerge ‘even in the context of similar starting walking 
preferences by SES’ (p.359). Gorman et al. (2006) demonstrated the flexibility of agent-
based models by combining one with a system dynamics model when investigating 
patterns of drinking behaviour. Their approach showed that susceptible drinkers were 
likely to convert with the presence of even one current drinker, while also highlighting 
the importance of agent movement, speed, and resource positioning. Cerda et al. (2014) 
modelled the population of New York City to study the effects of collective efficacy on 
violent victimisation. The model was used to test Link and Phelan’s (1996) fundamental 
causes theory, and tested both targeted and universal interventions, before 
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demonstrating that despite universal interventions having the greatest influence on 
population health, ethnic and racial inequalities could not be addressed without sorting 
the causes of these inequalities first. Racial disparities were not explicitly programmed, 
but emerged from the model nonetheless, similar to the findings of Yang et al. (2011). 
Agent-based models have also proven popular for modelling the spread of diseases and 
epidemics. Burke et al. (2006) used the method to analyse response scenarios for a 
smallpox attack, showing that contact tracing, wide spread vaccination along with 
isolation of infected individuals limited the effects of such outbreaks. Burke et al. 
(2006) commented that ‘because of their explicit inclusion of physical space, local 
interactions, and individual heterogeneity, the agent models produce fundamentally 
different spatiotemporal epidemic dynamics than smoothed differential equation 
models’ (p.1143). Potter et al. (2012) studied the dynamics of school closures on the 
spread of influenza. They demonstrated that duration of closure was more important at 
low virus transmissibility, however when transmissibility was high closure length had 
little effect, with longer closures seeing spikes of the virus upon re-opening. Agent-
based models have also been used to investigate historic incidents, as O’Neil and 
Sattenspiel (2010) demonstrate in their simulation of the 1918-1919 flu epidemic in fur 
trading communities in central Manitoba, Canada. This analysis identified seasonal 
residence and mobility as key factors in the spread of the disease. A number of agent-
based models have also investigated the dynamics of HIV infections, including the work 
of Teweldemedhin et al. (2004), which explored HIV prevalence rates in South Africa, 
and achieved more than 90% accuracy when compared to official statistics. Marshall et 
al. (2012) used the method to model HIV transmission in New York City, with their 
analysis allowing for greater analysis of sub groups trends. Further work on the subject 
of HIV transmission was conducted by Tully et al. (2013), showing that perceived 
population prevalence levels of HIV rose in line with actual HIV prevalence increases, 
and as this increase occurred HIV negative individuals were more likely to switch from 
unprotected to protected sex. 
 
2.4.2. Agent-based models of urban environments 
Agent-based models are also well suited to the study of urban environments, and 
neighbourhood level analysis. Heard et al. (2015) stated that ‘when the behaviour of 
interest is driven by an ensemble of small-scale (often local) actions, agent-based 
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modelling can be a powerful tool’ (p.260). Heppenstall et al. (2016) propose three main 
aspects to consider when studying cities from the bottom up, namely, appropriate spatial 
scales, temporal scales, and behavioural processes of the agents involved.  
There are many examples of studies that have applied this method in city contexts, 
sometimes with specific geographical contexts in mind. Crooks (2006) has commented 
that the ‘ability to include different features and their attributes of different layers in a 
GIS, allows for a greater representation of the system of interest when modelling’ (p.3), 
while also removing ‘some of the restrictive assumptions imposed by cellular automata 
style models…while giving access to basic data for setting initial model conditions and 
parameters’ (p.8). Further to this, Crooks (2008) highlights the importance of including 
not only geography but geometry too, stating this allows ‘for different sizes of features 
such as houses and roads, for example, to be portrayed and how these features might 
affect the simulation outcomes depending on the processes being modelled’ (p.2). This 
research built on the work of Schelling (1971) by adding geometric features and 
additional social groups to a model of London wards, and showed that geometry can act 
as a barrier to segregation. Other examples of agent-based models of residential patterns 
and processes include the work of Haase et al. (2010) who studied residential mobility 
in Leipzig, Germany. Their analysis based on federal and Census data supported the 
idea of Leipzig being a shrinking city, while also accommodating areas of urban and 
suburban growth. The changes in segregation resulting from this analysis had further 
implications for land use, ecosystems, and environmental resources. 
Geometry has been included in other models of urban systems, including the work of 
Malleson et al. (2013), who incorporated GIS into their study of crime hotspots in East 
and South-East Leeds, while also testing future scenarios for crime reduction initiatives. 
Batty et al. (2003) demonstrate how such models can incorporate geometry to focus on 
specific events within neighbourhoods, such as the Notting Hill Carnival. Their research 
challenges traditional assumptions that the system in question has evolved through 
behaviours which are independent of extraneous controls, or will subsume these if not. 
The authors state though that it is impossible to think of an event such as a carnival as 
anything but controlled. The paper demonstrates how alternative routings for the 
carnival, including less circular routes, led to reduced crowd densities and higher 
perceived public safety. Agent-based models have also been used to analyse the 
behaviour of crowds in riotous situations within neighbourhoods (Torrens and 
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McDaniel, 2013), using literature from the field to inform parameters within the model. 
Perhaps unsurprisingly, agent-based models have often been used for the analysis of 
common urban concerns such as pedestrian modelling (Crooks et al, 2008; Johansson 
and Kretz, 2012), and traffic and transportation simulation (Chen and Cheng, 2010). 
 
2.4.3. Spatial microsimulation and agent-based hybrid models 
While Merler et al. (2013) combined a stochastic microsimulation model with an agent-
based model in their study of a flu outbreak in the Netherlands, very few studies have 
utilised a similar approach. Wu et al. (2008) represents one such rare example, 
demonstrating the use of combining these bottom up approaches when investigating 
student migration patterns in Leeds. A hybrid model was shown to be very accurate in 
predicting the geographical spread of students across the city, compared to a 
microsimulation model which failed to capture the clustering of students in certain 
locations. It was noted that microsimulation is driven more by statistics and 
probabilities, whereas agent-based models can rely on their rule based (built in 
intelligence) nature. However, the tried and tested techniques of microsimulation 
provide ‘important statistical mechanisms that ensure the similarity of what it predicts 
and what is actually observed in the gathered data’ (p.446), which can aid in guiding 
patterns of population evolution.  
Wu and Birken (2012) comment that the combination of the two methods allows large 
scale data to be processed using list processing power, as well as the consequences of 
behaviours and policies at a macro scale through predefined transition rates, while also 
modelling interactions and behaviours of individuals. Their mortality model (again set 
in Leeds) demonstrated the importance of personal histories, with previous places of 
residence influencing health regardless of the current residence of certain individuals, 
showing that ABMs can ‘compliment MSM [microsimulation] by retrieving personal 
histories with great ease’ (p.356). The potential shown by these models begs the 
question as to why this approach has not been used more often.  
Cajka et al. (2010) further demonstrated the benefit of combining data from a 
microsimulation model with an agent-based model, commenting that ‘although these 
models [ABMs] can simulate the realistic propagation of epidemics, they require input 
data about the social networks that are part of the agents’ day-to-day activities’ (p.1). 
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Although not modelling the spread of diseases, the paper demonstrates how personal 
attribute data assigned to agents from a microsimulation dataset can be used ‘to create 
school, workplace, and public transit interactions and then code this information into the 
data’ (p.1), in attempting to build realistic social networks into disease modelling. 
 
This section has demonstrated the wide range of applications that agent-based models 
have in both a health and urban studies context, for both longitudinal and historical 
analyses. The incorporation of interactions gives the method a different focus to spatial 
microsimulation modelling, while also demonstrating incredible adaptability in its 
setup. This includes connecting with other model types, and incorporating other 
datasets, allowing them to ‘borrow’ the strengths of these. The ability to base models 
around theory (e.g. Cerda et al, 2014) also offers the exciting prospect of simulating 
conceptually valid and relevant scenarios. This theoretical grounding is important if 
work is to avoid being designated as ‘blue skies research’. Despite all this, research 
combining multiple models within an urban environment backed by specific theory is 
rare. Many studies have used hypothetical data in their analyses, so the opportunity to 
impute a representative population into a model using spatial microsimulation has huge 
potential, particularly for studies of oral health at the small area level, which remain 
untouched in the Dental Public Health literature.  
 
2.5. Determinants of oral health inequalities in tooth decay 
Within all geographical areas there are a variety of determinants of oral health status. 
Although various authors have warned against simplistic dichotomies of individual 
(composite) and neighbourhood level (contextual) variables, for simplicities sake the 
determinants of tooth decay will be presented in these categories below. Firstly, 
individual and household level indicators will be presented, followed by behaviours that 
are important to tooth decay. The final section will cover neighbourhood level 
determinants of tooth decay.  
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2.5.1. Individual and household level indicators 
Age 
There has been a great deal of research that has examined the relationship between age 
and oral health (Stahlnacke et al, 2003; Sanders and Spencer, 2004). Such research has 
more often been concerned with self-rated or subjective oral health outcomes 
(Stahlnacke et al, 2003) as well as tooth loss (Sanders and Spencer, 2004). Steele et al. 
(2015) have demonstrated that age groupings are critical for oral health, with effects 
differing at certain ages. There is no income-related relationship with the number of 
missing teeth in young people (rich or poor) for example, as this group tend to have 
complete dentitions. With age this becomes more of an issue however, and the 
difference between the rich and poor was nearly 8 teeth (Steele et al, 2015). For caries, 
effects are significant up to the age of 50 (including the protective effects of income), 
but disappear for older groups for whom tooth loss is a more pertinent issue (Steele et 
al, 2015). Data from the National Institute of Dental and Craniofacial Research (2014) 
in the USA would seem to confirm such patterns (Table 3). 
Table 3 – Decayed, missing and filled teeth by age grouping (NHANES, 1999-2004) 
Characteristic 
Decayed 
permanent 
teeth (DT) 
Missing 
permanent 
teeth (MT) 
Filled 
permanent 
teeth (FT) 
Total 
decayed, 
missing, or 
filled teeth 
(DMFT) 
Age  
20 to 34 years 0.93 0.62 4.61 6.16 
35 to 49 years 0.75 2.39 7.78 10.91 
50 to 64 years 0.55 5.30 9.20 15.05 
 
The data presented in Table 3 shows that as participants of the National Health and 
Nutrition Examination Survey (1999-2004) age, the number of decayed teeth decreases, 
while the number of missing teeth increases. The number of filled teeth also increases 
with age, and is most likely due to the lifetime effects of tooth decay. 
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Gender 
There have been numerous studies that have investigated the links between gender and 
tooth decay (Lukacs and Largaespadad, 2006; Ferraro and Vieira, 2010). Antunes et al. 
(2006) for example demonstrated that girls had higher odds of having untreated decayed 
teeth in their study of 12-year-old schoolchildren in Brazil. Antunes et al. (2003a) found 
comparable patterns in a similarly aged group of Brazilian schoolchildren. Antunes and 
colleagues (2003b) suggested that this pattern could be attributed to the earlier eruption 
of permanent teeth in females, which would leave them exposed to cariogenic 
environments for longer (Lukacs and Largaespada, 2006), although not all of the 
literature has confirmed this pattern (Ferraro and Vieira, 2010).  
Ferraro and Vieira (2010) listed a number of other potential mechanisms through which 
tooth decay scores are higher in women. Alongside the early eruption of teeth, other 
biological factors such as variations in the Amelogenin gene which contributes to 
enamel formation, as well as differences in saliva flow rates between women and men 
were identified. Saliva can help with washing, buffering and remineralising, and 
hormonal fluctuations in women have been identified as one mechanism that might 
influence salivary flow rate. Pregnancy is also listed as a potentially important 
mechanism, again due to hormone fluctuations inducing changes in the oral cavity 
environment and salivary flow rate. Other mechanisms related to the historical role of 
women in society have also been suggested, with Lukacs (2008) suggesting that the 
development of agriculture may have led to increases in fertility, while Lukacs and 
Largaespada (2006) listed women’s historical role in food preparation and access to 
food and snacking as another potential cause. How valid some of these theories are to 
oral health remains questionable, as some of these points are less relevant in today’s 
society. The theme of gender, while appearing in many studies, is under researched with 
regard to more detailed causal mechanisms. 
While the literature suggests that women are more vulnerable to tooth decay, women 
also seem more likely to engage in recommended oral health behaviours and dentist 
visits, while there are also connections between ‘masculine behaviour’ and dental 
related problems (Doyal and Naidoo, 2010). A number of studies have demonstrated 
that females tended to have more favourable behaviours including interest in their oral 
health (Ostberg et al, 1999), and higher levels of dental knowledge (Tada and Hanada, 
2004). Bertea et al. (2007) found similar patterns and confirmed ‘the paradox that 
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although women take more care of their teeth, their dentition is not better than men’s’ 
(p.365). However, the link between these behaviours, and the previously suggest genetic 
and social hypotheses remain under researched within the dental literature. 
 
Race and ethnicity 
Race and ethnicity are subtly different concepts. Race can be seen to involve physical or 
biological commonality which is involuntary, while ethnicity is more concerned with 
cultural commonality (shared practices, views and values), and can be voluntary 
(Morning, 2005). Within the dental literature these terms have at times been treated as 
synonymous. Reid et al. (2004) used both race and ethnicity in their study, and 
demonstrated that non-Hispanic white populations experienced fewer carious teeth than 
both Mexican American and non-Hispanic black populations in the United States. 
Similarly, Hudson et al. (2007) used both ethnicity and race, and again found that the 
white population in their study had lower levels of decay than the Black and Mexican-
American population samples. Drummond et al. (2015) focused specifically on race in 
their research, yet found similar results, showing that white populations experienced 
less decay than those of African, East Asian, indigenous or mixed race descent. These 
findings are not unanimous however, as work by Delgado-Angulo et al. (2015) on decay 
and ethnicity demonstrates. Their research showed that Asian and Black ethnicities 
experienced lower DMFT scores than those of British, European and other white 
ethnicities in East London.  
These relationships are complicated however, with some studies finding that adjusting 
for certain socio-economic factors accounted for the difference between groups. Reid et 
al. (2004) for example found that the addition of material factors (i.e. income, 
education, employment, dental insurance, area of residence) explained most of the 
variation in decay between groups in the USA, while behavioural variables had little 
effect. Drummond et al. (2015) also found that education and income fully explained 
differences in tooth decay between white populations and populations of African 
descent in Brazil, while accounting for most of the variation between white populations 
and those of mixed race. Watt and Sheiham (1999) have questioned the relevance of 
including ethnicity as a variable in Dental Public Health studies, stating that ‘it could 
divert attention from more important variables such as income and social class’ (p.8). 
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Conversely, a study by Delgado-Angulo et al. (2015) in East London found that Asian 
and Black populations had better oral health than white populations, and that ‘the 
association between ethnicity and caries experience was independent and not 
confounded by time lived in the UK or socioeconomic measures’ (p.58). Hudson et al. 
(2007) used existing literature to test hypotheses based on pathways, and also found that 
ethnic and racial differences in decayed surfaces and missing teeth could not be fully 
explained by socio-economic differences, or variations in health-related behaviours or 
annual dental care. The context of the studies and measurements used may have played 
a part in the disparate findings. 
Other trends within the dental literature point towards disadvantage for minority groups. 
Julihn et al. (2006) found that adolescents with foreign born parents were more likely to 
have high DMFT scores than adolescents with native born parents, indicating this may 
be a risk factor, despite the lack of clear mechanisms. Race has also been associated 
with dental treatment, as Black and Hispanic children in urban areas were more likely to 
receive dental treatment than white children, while the opposite pattern was seen for 
non-white children in rural areas (McKernan et al, 2015). Fonseca (2012) found that 
neighbourhoods where African American ethnicities resided contained only around half 
the supermarkets present in white populated areas, and that low income African 
American populations tended to have less nutritionally rich diets.  
Importantly, ethnicity is difficult to evaluate due to the number of categories included 
under this term, more so than most variables. Butani et al. (2008) have outlined oral 
health-related cultural behaviours and their histories for some ethnic groups; however, 
with so many different ethnicities it is difficult to understand mechanisms regarding oral 
health for each one. This remains an under researched area within the dental literature. 
 
Income 
Relative income inequalities have been shown to be detrimental to health in general 
(Wilkinson and Pickett, 2006) as well as tooth decay (Costa et al, 2012; Schwendicke et 
al, 2015). As such, a number of oral health related studies have investigated income 
inequalities using the Gini coefficient (Gini, 1912), with Celeste et al. (2009) showing 
that higher municipal level income inequalities were associated with missing teeth, 
edentulism and dental caries in Brazil. Pattussi et al. (2001) have also used the Gini 
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coefficient to demonstrate higher prevalence and severity of dental caries in children in 
areas with higher income inequality. This tallies with Wilkinson’s (1996) theory that 
more egalitarian, rather than the richest societies, tend to have the best population 
health.  
Work by Celeste et al. (2011) came to similar conclusions to Celeste et al. (2009), while 
Aida et al. (2008) showed that average income exerted a relatively large influence on 
variance in DMFT scores at community level in Japan. Geyer et al. (2010) also found 
levels of tooth decay to be higher within the lowest income brackets, while a systematic 
review by Costa et al. (2012) found individual’s income to be significantly associated 
with greater caries occurrence. Bhandari et al. (2015) suggest three plausible pathways 
between income inequality and health: disinvestment in public services, with less spent 
on social goods in unequal societies; social capital erosion, which creates less 
supportive climates for policies that maintain health; and psychosocial effects of stress 
through social comparisons. The authors show service use to be negatively associated 
with income inequality, while countries with greater income inequality had lower 
spending on health services and fewer dentists per population, supporting the first 
suggested pathway.  
Beyond the wider societal effects, income inequality has also been shown to influence 
individual and household access to various useful resources. A systematic review by 
Costa et al. (2012) revealed that higher income was associated with access to dental 
services, better access to fluoridated water, to products that maintain good oral health, 
and better levels of information about oral health. Patterns regarding tooth brushing 
frequency were however less consistent in a study by Peltzer and Pengpid (2014), where 
students from more affluent backgrounds were less likely to brush twice a day. Fonseca 
(2012) has commented on prejudices some low-income children may receive from 
dentists in the United States, as well as the risk of ‘food instability’ for those on low 
incomes, or below the poverty line. Children in low income families are also more at 
risk of missing more school days through dental related issues (Fonseca, 2012).  
Income is also an important marker of material living standards. Galobardes et al. 
(2004) summarised housing tenure, conditions within homes, and household amenities 
as the main markers of material circumstances, stating that ‘housing is generally the key 
component of most people’s wealth, and accounts for a large proportion of the 
outgoings from income’ (p.9), and can act as both a direct and indirect marker for 
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exposures. Wilkinson (1997) included additional variables alongside housing in his 
article, including diet, inadequate heating, and air pollution. All of these issues are 
inextricably linked to income, through which material standards impact on oral health in 
a number of ways. Within the UK, O’Hanlon et al. (1997) showed graded increases in 
oral cancers between less and more materially deprived wards, as measured by the 
Townsend Deprivation Index (Townsend et al, 1988). Nicolau et al. (2005) further 
demonstrated the importance of such measures, showing that Brazilian adolescents who 
experienced poorer material conditions at birth and age 13 were more likely to 
experience high dmft scores. Section 2.5.2 will also demonstrate how income affects 
other material resources such as diet, as well as dental knowledge and resources.  
  
Education 
Perhaps unsurprisingly, numerous studies have investigated the links between education 
and tooth decay (Schwendicke et al, 2015), and levels of educational attainment have 
been shown to be related to a number of oral health outcomes at various stages of life. 
For example, Muirhead and Marcenes (2004) demonstrated that mean school scores in 
linguistic awareness, English and mathematics were strongly associated with school 
mean dmft scores in a sample of primary school children in Wandsworth, London. 
Conversely, caries has been shown to directly impact on children’s education through 
time taken off school to deal with the disease, and through restricted activity within 
school (Sheiham, 2006), while sleep loss resulting from painful teeth can negatively 
affect mood, attention span and interactivity (Casamassimo et al, 2010; Alameda 
County Oral Health Needs Assessment, 2006).  
The importance of education to future prospects has also been demonstrated (Kuh and 
Wadsworth, 1991), where lower educational attainment could see individuals set on 
trajectories that are detrimental to oral health. A number of studies have shown that 
educational disparities have a persisting influence on dental caries experience in adult 
and later life, including studies from Australia (Brennan et al, 2007), Greece (Mamai-
Homata et al, 2012) and Germany (Geyer et al, 2010). A systematic review by Costa et 
al. (2010) also supported this trend, with statistically significant associations with caries 
being found in 6 out of the 9 studies included in the review. 
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Geyer et al. (2010) have stated that education may ‘point to differences in knowledge on 
how to practice dental hygiene and how to prevent dental decay’ (p.124). Schwendicke 
et al. (2015) have also commented that education may act as a mediating pathway 
between caries and socio-economic position, through impacting on income and related 
access to various preventative oral health measures. A second suggested pathway asserts 
that education may also affect characteristics such as health literacy and behaviours, 
which are key to oral health outcomes. Sabbah et al. (2015) found educational gradients 
in tooth decay in a Finnish population, with scores becoming successively higher each 
time education dropped a band, while educational gradients also existed in the oral 
health behaviours included in the study. Sabbah and colleagues (2015) state that ‘this 
observation highlights the importance of the contribution of formal education as a 
marker of socioeconomic position to health and dental behaviours’ (p.38). The authors 
suggest that better education may allow people to benefit more from health promoting 
messages and policies, as well as allowing more flexible lifestyles that allow for the 
adoption of certain behaviours. Similar educational gradients in health compromising 
behaviours were also found in a sample of British adults (Singh et al, 2013). 
 
Employment 
Similar to education, there have been a number of studies that have analysed links 
between employment and outcomes in tooth decay (Costa et al, 2012). The 
aforementioned systematic review by Costa et al. (2012) showed occupations of higher 
standing to be linked with lower severity of dental caries in adults. Further evidence of 
the importance of employment to caries development is provided by the work of 
Roberts-Thomson and Stewart (2008), who found that being unemployed or in receipt 
of government benefits were risk factors for decayed surfaces and total caries 
experience respectively. Similarly, Tellez et al. (2006) found that unemployed 
caregivers had 2.5 times more untreated decayed surfaces than those who were 
employed. The evidence is not unanimous however, as Julihn et al. (2006) demonstrated 
that parental occupation (as well as education level) was not found to be a significant 
risk factor among 19-year-olds in Sweden. This is in contrast to other literature, which 
has demonstrated the importance of parental occupation to children’s oral health, 
specifically caries (Vanobberge et al, 2001; Gokhale and Nuvvula, 2016). It would seem 
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though that unemployment, more-so than type of employment, is a key risk factor for 
tooth decay. 
Unemployment has been associated with less beneficial oral health related behaviours 
(Al-Sudani et al, 2016), including less frequent use of dental services and xylitol, while 
income and education had a mediating effect on tooth-brushing frequency, sugar use 
and alcohol consumption. Similar patterns were demonstrated by Guiney et al. (2011), 
who found that employment, particularly for males, was associated with dental service 
utilisation in adults from the Republic of Ireland. Al-Sudani et al. (2016) also 
demonstrated that unemployment was associated with increases in smoking and 
drinking, which, while not as clear cut in their relationship with tooth decay, are 
important to oral health more generally.  
 
Socio-economic position 
Socio-economic position (SEP) refers to social and economic factors that influence the 
positions groups and individuals hold within society, and has been related to resources, 
exposures and susceptibilities that affect health (Galobardes et al, 2004). There is no 
best measure of socio-economic position, and variables that affect health may differ and 
also overlap. Socio-economic position is distinct from socio-economic status (SES), as 
the former is more concerned with actual resources, rather than the status, rank and 
prestige base of the latter (Krieger et al, 1997). Within the dental literature some studies 
have used social class classifications (Watt and Sheiham, 1999), while others 
represented SES using employment data (Thomson et al, 2004), and SEP through 
resource based variables (Hobdell et al, 2003). This shows the lack of consistency in 
representing measures of social stratification. Despite not all measuring socio-economic 
position in the way defined above, all of these studies have been included as they 
analysed concepts related to this measure in some way. 
Socio-economic position plays a significant role in shaping an individual’s 
opportunities and life trajectories. Socio-economic position, and particularly one’s 
position on the social gradient, is also known to influence the health of individuals 
(Marmot et al, 2010), and the concept has been used as a central starting point for the 
World Health Organisation’s Conceptual Framework on the Social Determinants of 
Health (WHO, 2010). As such, a number of studies within Dental Public Health have 
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analysed the effect of socio-economic positions on tooth decay (Schwendicke et al, 
2015). For example, Watt and Sheiham (1999) have shown that children from lower 
socio-economic backgrounds are more likely to suffer from high levels of caries, with 
inequalities in adult life present but less marked. A systematic review by Schwendicke 
et al. (2015) also showed lower socio-economic positions to be associated with a higher 
risk of caries experience, or having carious lesions. Contrary to expectations, the 
authors ‘found caries experience to be more unequally distributed in highly developed 
countries with low income inequality than in underdeveloped, more unequal countries’ 
(p.15).  
Hobdell et al. (2003) found gradients in three oral health diseases, including dental 
caries, related to socio-economic status, confirming that ‘poor socio-economic 
circumstances’ (p.95) adversely affect oral health. The authors draw interesting 
conclusions, stating that it is not merely individual issues, but structural level factors 
that lead to such patterns, and need to be addressed. In contrast, a systematic review by 
Costa et al. (2012) found considerable variance in the results of SES related studies 
investigating caries, with the authors commenting that the way socio-economic status 
was classified was subjective and variable between the studies. The importance of 
socio-economic positions has been demonstrated by Dalstra et al. (2005) who state that 
‘research to date has generally concluded that socio-economic differences persist into 
the latest stages of life’ (p.2047). The effects of this can be seen in the longitudinal 
research of Thomson et al. (2004), which found sizeable differences in socio-economic 
status emerging in the study’s cohort when measuring tooth loss from dental caries. The 
authors suggest that ‘early socioeconomic inequalities in a number of important oral 
health indicators do persist well into the third decade of life’ (p.351).  
 
Psychological factors 
Dalstra et al. (2005) state that relative socio-economic position is known to have 
psychosocial consequences, which in turn can impact on oral health outcomes. 
Situations causing stress on a regular basis have been shown to be more prevalent 
among those in lower socio-economic positions (Taylor and Seeman, 1999), and can 
trigger the ‘fight or flight’ mechanism (Cannon, 1929) that suppresses a number of 
biological processes, including the immune system, which can be harmful if activated 
too often or for prolonged periods of time. Psychological stresses are known to be 
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detrimental to general health in a direct way (Marmot et al, 1991), and have also been 
shown to negatively influence oral health. More often studies have demonstrated links 
between psychological stress and self-rated oral health. For example, Finlayson et al. 
(2010) demonstrated links between psychosocial stressors and resources, and reporting 
of poor self-reported oral health. Sanders and Spencer (2005) found associations 
between perceptions of self-rated oral health and psychosocial variables such as 
personal constraints and chronic stress in low income groups in Detroit, Michigan, 
hypothesising that poorer material and social conditions constrain access to dental 
services and health promoting messages. There have also been a number of studies 
investigating the links between psychological stress and periodontal conditions (Warren 
et al, 2014).  
Fewer studies have made links between stress and tooth decay, however those that have 
support the link between the two. For example, stress has been associated with 
increased levels of dental caries through biological factors (Belstrom et al, 2014), for 
instance in noxious family environments (Lorber et al, 2014). Boyce et al. (2010) 
examined how these stresses were linked to caries development in childhood, and found 
that families from lower socio-economic positions were more likely to experience 
financial stresses. This was associated with increased levels of cortisol secretion in the 
mouths of affected children, negatively influencing both enamel thickness and density. 
The literature on psychosocial impacts is not unanimous however, demonstrated by 
Armfield et al. (2013), who found no significant relationships between psychosocial 
variables and oral health. 
 
2.5.2 Behaviours 
Diet 
Given the obvious links between diet and oral health it is perhaps not surprising that 
there have been a multitude of studies on this subject (Moynihan and Petersen, 2004), as 
well as national level datasets, with many of these pointing to a social gradient in diet. 
For example, nutritional intake has been shown to differ between high and low income 
groups, with those on lower incomes tending to have poorer diets (National Diet and 
Nutrition Survey, 2014). A study by Barker et al. (2008) demonstrated that women in 
lower educational groups felt less able to change family diets due to financial pressures, 
45 
 
and lack of support. A combination of a lack of confidence in cooking skills, and a 
limited range of food at a younger age led many to experience a perceived lack of 
control over their food choices. A review by Mobley et al. (2009) concluded that areas 
of lower socio-economic status were more likely to be served by stores ‘offering high-
energy, low-nutrient–dense foods’ (p.412), which lack appropriate nutrients to aid oral 
health, demonstrating that environmental factors are also important to diet. In line with 
this, Fonseca (2012) states that lower income areas tended to be served by fewer large 
chain supermarkets which tend to offer a greater variety of produce, while high food 
prices and travel distances presented further barriers to such populations. 
Sheiham (2006) has commented on the susceptibility of undernourished children to 
dental caries, while Moynihan and Petersen (2004) state that dental decay leading to 
tooth loss is associated with diets that are low in fruits, vegetables, non-starch 
polysaccharides and vitamins A and D. Increases in sugar consumption combined with 
under-nutrition can lead to larger than expected levels of caries. The link between sugar 
consumption and tooth decay is well established, with the amount and frequency of 
sugar intake playing an important role (Sheiham, 2001). Due to this there is 
considerable interest in the increase in soft and fizzy drink consumption. High sugar 
intake has been linked to increased caries incidence in low income adults with increased 
soft drink consumption (Burt et al, 2006), while Warren et al. (2009) demonstrated 
similar patterns in a longitudinal study of pre-school children from lower socio-
economic backgrounds. The importance of a healthy diet is reinforced by a number of 
studies that have found that metabolic syndrome may be associated with caries and 
decayed teeth (Timonen et al, 2010; Ojima et al, 2015), particularly in the case of 
obesity, hypertension, dyslipidaemia and hyperglycaemia in the latter study. 
 
Coping mechanisms 
Continued psychosocial pressure can lead to some individuals employing coping 
mechanisms to alleviate this stress, and a number of studies have assessed the links 
between smoking and tobacco use and tooth decay (Reibel, 2003). Previous research 
has demonstrated that links exist between stress levels and smoking in adolescents 
(Kassel et al, 2003) and adults (Ng and Jeffery, 2003), as well as being associated with 
financial pressures (Siahpush and Carlin, 2005). While associations have been found 
between smoking and caries (Hudson et al, 2007; Bernabe et al, 2014), some studies 
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have reported that no direct aetiological link can be found between the two (Reibel, 
2003; Vellappally et al, 2007). Despite this, it would still seem that smoking is a risk 
factor for dental caries (Axelsson et al, 1998; Reibel, 2003), and that certain chemical 
processes resulting from smoking may make teeth more susceptible to the disease 
(Vellappally et al, 2007). Locker (1992) reports that smoking among older adults (aged 
50 plus) was associated with edentulism, tooth loss, caries and periodontal disease, 
while Reibel’s (2003) review of smoking and tobacco use showed that smokers had a 
significantly higher risk of developing oral cancers, and more severe periodontal disease 
than non-smokers. Smoking and excessive alcohol consumption in combination also 
had negative effects for oral health. Winn (2001) has also suggested that chewing 
tobacco may be harmful with regards to tooth decay, due to the high proportions of 
fermentable sugar found in these products. 
In line with this, a study by Franceschi et al. (1999) demonstrated that alcohol 
consumption increased the risk of oral cancer ‘in each stratum of smoking, never-, and 
ex-smokers’ (p.2), with similar patterns noted for smoking increases in alcohol 
consumers. While smoking has been seen as the greater threat to oral health, less 
attention has been paid to alcohol consumption within the Dental Public Health 
literature. Harris et al. (1997) demonstrated that while previous oral health conditions 
showed no positive correlations with level of alcohol consumption, a third of the study 
participants exhibited tooth wear correlated with consumption, most likely due to 
gastric acid regurgitation associated with alcohol gastritis. Higher levels of dental 
trauma were also positively associated with alcohol consumption. However, Harris et al. 
(1996) report that oral health in a group of alcoholics was not compromised. 
 
Dental health habits 
Due to the importance of oral health related habits, particularly the use of fluoridated 
dentifrice, for tooth decay (Marinho et al, 2003; Zero, 2006), a number of studies have 
investigated behaviours associated with this, and how these are produced. For example, 
Poutanen et al. (2006) found associations between oral health knowledge of both 
parents and children, and the child’s associated dental behaviours. While parental 
attitudes were not shown to be associated with their child’s oral health practices, their 
behaviours were, supporting the idea that children learn from their parent’s actions. 
Results from Adair et al. (2004) support this, the authors finding that parental attitudes 
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and efficacy towards oral health behaviours influenced behaviours in their own children. 
More deprived families exhibited less confidence in being able to control such patterns. 
Sabbah et al. (2009) found similar links between socio-economic indicators and oral 
health related behaviours in a representative sample of adults from the United States, 
where behaviours were poorer among those with lower levels of income and education.  
Williams et al. (2002) reinforced the idea of socio-economic disparities in attitudes 
towards oral health, finding that higher proportions of parents from non-deprived areas 
had higher levels of dental knowledge, while having a higher level of education was 
also shown to be associated with a higher level of dental knowledge and a better attitude 
towards dental care. This echoes conclusions from Singh et al. (2013), who found 
educational gradients throughout patterns of clustering of health behaviours. The work 
of Riley et al. (2006) shows that education is a key feature of such clustering, with 
better oral health and attitudes to attendance as a result of better education. However, 
the work of Sanders et al. (2006) ‘disputes the notion that poorer adults care less about 
their oral health than the more affluent ones’ (p.74), as while dental visiting patterns 
followed a social gradient, dental self-care trends did not, highlighting the wide 
variation in oral health behaviours.  
Chu et al. (1999) demonstrated the benefit of positive attitudes towards oral health, 
showing that children of parents with higher dental knowledge experienced lower levels 
of dental caries, possibly due to the instillation of positive oral health behaviours. This 
highlights the importance of parental involvement in oral health promotion, and other 
studies have also emphasised the importance of parental characteristics and variables in 
the development (or lack thereof) of caries in children (Hooley et al, 2012). 
Additionally, Kumar et al. (2016) have demonstrated the importance of tooth brushing 
for good oral health, with infrequent brushers shown to have higher incidence and 
increment of carious lesions. 
 
Attendance at services 
There have been a large number of studies that have investigated the effects of dental 
attendance on oral health, as reported in a systematic review by Davenport and 
colleagues (2003). Despite the aforementioned systematic review finding no (high 
quality) evidence to refute or support the practice of six-monthly check-ups, 
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longitudinal research has demonstrated that long term routine dental attendance is 
beneficial with regard to tooth decay, as well as tooth loss and self-rated oral health 
(Thomson et al, 2010). A number of other studies have assessed patterns and trends in 
dental attendance.  
For example, Socio-economic position is known to affect patterns of attendance at 
dental services, and Lang et al. (2008) found that older adults living in more deprived 
areas only attempted to use dental services when symptomatic, compared to the more 
regular attendance of those in higher social classes, and/or those who were better 
educated. Irregular attendees have tended to experience worse oral health than regular 
attendees. Tickle et al. (1999) found significant differences between such groups with 
regard to dmft scores in a sample of 5-year-old children in the North-West of England. 
Irregular attenders were more likely to be from deprived backgrounds, and less likely to 
receive treatment to fix problems. Other research has shown that while regular attenders 
have lower levels of decay, they also have higher numbers of fillings and treatments 
(Sheiham et al, 1985).  
Tickle et al. (2000) found a highly inverse relationship between ward level dmft scores 
and rates of 3-5 year olds in contact with primary dental care, suggesting that service 
usage increases with decreasing disease experience. Further research in this area by 
Eckersley and Blinkhorn (2001) demonstrated that children from deprived wards were 
less likely to have attended a dentist than those from less deprived wards, while also 
being more likely to attend solely when symptomatic, echoing the findings of Lang et 
al. (2008). These children were also more likely to start brushing later in life and on a 
less frequent bases, however parents from more deprived backgrounds were also more 
inclined to change oral health related habits and behaviours upon receiving advice than 
participants from less disadvantaged wards. Tickle et al. (2003) found that the treatment 
previously received by children was the most influential factor for healthcare 
preferences of parents, as they gained knowledge and confidence in certain treatments. 
This was particularly the case for parents from deprived backgrounds.  
Listl (2012) demonstrates the importance of dental attendance from an early age, as ‘a 
considerable proportion of inequalities in regular dental attendance is already 
established in childhood and persists throughout the life-course’ (p.96), rendering future 
interventions potentially futile. Work by Wallace and Macentee (2012) shows that low-
income groups can face considerable barriers to dental services through their opinions 
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on dentists, and through some dentist’s attitudes to low income groups regarding the 
limits of private practice and public dental benefits. Other studies have also found that 
favourable pre-existing socio-economic and demographic characteristics are generally 
associated with regular dental attendance (Guiney et al, 2011; Muirhead et al, 2009), 
while evidence from the Adult Dental Health Survey (University of Essex, 2009) 
suggests that attendance patterns are associated with other oral health preventive 
behaviours (Hill et al, 2013). Donaldson et al. (2008) summarise the importance of 
attendance, stating that ‘the socio-economic gradient in the number of sound teeth in 
adults is partially explained by dental attendance, which in turn is determined by the 
effect of SES on barriers to regular dental attendance’ (p.63).  
 
2.5.3. Neighbourhood based indictors 
Water fluoridation 
While physical aspects of the local environment are under researched in the dental 
literature, none may be more influential than the presence of fluoridated water. This has 
been recognised by bodies such as the World Health Organisation (WHO, 2003) as 
having the potential to reduce levels of tooth decay in both children and adults. Desai et 
al. (2015) explain that in acidic environments fluoride promotes remineralisation of 
tooth surfaces via the use of phosphates and calcium ions in saliva, helping to reduce 
the loss of tooth substance. The antimicrobial effects of fluoride also reduce the 
cariogenic potential of bacteria. 
Given the perceived importance of water fluoridation to oral health it is not surprising 
that a number of different studies and systematic reviews have been conducted on the 
subject. Indeed, analysis of systematic reviews concerning water fluoridation (excluding 
professionally applied fluorides) by Petersen and Lennon (2004) revealed that water 
fluoridation reduced levels of dental caries in both relative and absolute terms, while 
fluoridated toothpastes and mouthwashes reduced decayed, missing and filled surfaces 
(dmfs) by between 24% and 26%. Further systematic reviews include the work of 
McDonagh et al. (2000) whose review again found that fluoridated water led to 
reductions in dental caries, although this reduction was seemingly lower than had been 
reported in the past. Perhaps the most worrying conclusion from the review was the low 
overall quality of the evidence on the topic. Yeung’s (2008) systematic review drew 
50 
 
similar conclusions to previous studies, showing that areas with fluoridated water 
experienced lower levels of dental caries than areas without a supply. All three reviews 
found dental fluorosis to be associated with the presence of fluoridated water, although 
in all cases this was mild and led to no other health concerns. While the previous studies 
focused on children, Griffin et al. (2007) demonstrated the benefits of fluoridated water 
to adults, showing that caries was consistently higher in groups exposed to non-
fluoridated water, and that ‘exposure to any mode of fluoride reduced caries by about 
25%’ (p.414).  
McGrady et al. (2012) have demonstrated how fluoridated water (along with fluoridated 
dentifrice) can decrease the social gradient in oral health inequalities, in their study of 
dmft scores in Newcastle and Manchester. Similar findings emerged from a study by 
Slade et al. (1996), who showed that inequalities in the experience of dental caries was 
greater in children who lacked exposure to fluoride in drinking water. In the UK 
fluoridated water is far from universally distributed, with The British Fluoridation 
Society (2012) estimating that only around 6,000,000 people were exposed to fluorides, 
of which only around 300,000 had access to naturally fluoridated water. 
 
Social capital 
Social capital has become an increasingly important concept when analysing health 
inequalities, and there have been a number of studies that have investigated links 
between this variable and oral health (Rouxel et al, 2014). Lida and Rozier (2013) found 
that social capital was associated with children’s use of dental care, and argued that 
social capital is important to health in four ways: through the diffusion of knowledge of 
health promotion; maintenance of healthy behavioural norms; promotion of access to 
local service and amenities; and psychosocial processes providing support, while 
building esteem and mutual respect. Turrell et al. (2007) have also hypothesised the 
effects of social capital on oral health, through extensive social webs leading to more 
active social engagement through community organisations, and through influencing 
health behaviours through norms and appropriate practices. Social capital has also been 
shown to be important for the oral health of elderly citizens, and Aida et al. (2011) used 
multi-level modelling to demonstrate a significant association between contextual level 
social capital and self-rated oral health.  
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Specific examples have also been found in relation to tooth decay, with Aida et al. 
(2008) finding that community context, particularly community centres and grocery 
stores were significantly associated with dmft, potentially through chances to increase 
social cohesion and solidarity. Similarly, Tellez et al. (2006) found relationships 
between social institutions such as churches and improved oral health. This study is 
notable for its consideration of multiple built neighbourhood environmental features, 
while also discussing area size and population as well as using theory for variable 
selection. In Brazil, Santiago et al. (2014) found variation in neighbourhood level caries 
experience to be related to perceived levels of empowerment in adults, while individual 
level social capital was not associated with the disease. Avlund et al. (2003) have also 
commented on associations between people who either lived alone, or were not happy 
with their social contacts and higher levels of caries.  
Not all studies have found associations between oral health and social capital however 
(Mathur et al, 2016), and a commentary by Rouxel et al. (2014) found mixed results, 
although still concluded that despite the underdeveloped literature, social capital 
appears to be a potential determinant of oral health. The problem with the definitions of 
social capital that were used may not have helped this literature overall (Rouxel et al, 
2014). 
 
Access to services 
Given the importance of attending dental services, it is perhaps not surprising that a 
number of studies have focused on patient access to such services (Hill et al, 2013). For 
example, Lang et al. (2008) have stated that differences in attendance patterns may not 
be helped due to certain areas being underserved by dental services, and historically 
there has been an uneven distribution of services within the UK (Cook and Walker, 
1967). This sentiment has been echoed in other studies. Jones (2001) conducted 
statistical analysis on area level deprivation scores and NHS dental registration records 
in England, with their conclusions supporting ‘a working hypothesis that there is an 
inverse ‘dental’ care law for children in England’ (p.205). Landes and Jardin (2010) 
comment that up until the dental contract changes of 2006, practices were free to set up 
where they wished. They called for investment in new practices, or existing ones, after 
demonstrating that practices in deprived areas in County Durham tended to be smaller, 
yet still served higher proportions of the deprived community. However, Macintyre et 
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al. (2008) included dental services in a list that ‘showed no clear pattern by deprivation’ 
(p.911) in their study of resource distribution in Glasgow. 
The type of services available (i.e. NHS or private) is also an important consideration. 
Hancock et al. (1999) have demonstrated that residents in the south of England had 
more difficulty accessing NHS dentists, due to the rise in private dentistry in this region, 
leading to increased dissatisfaction with NHS services. Such geographical findings were 
echoed in the work of McGrath et al. (2001). Hancock and colleagues (1999) concluded 
this shift was not something the public had demanded, while McGrath and colleagues 
(2001) suggested some were paying for private treatment when they did not want it. 
Propper (2000) found that use of private healthcare in the UK was strongly determined 
by income, with richer individuals and households being more likely to use such 
services. Despite this, analysis of the 2009 Adult Dental Health Survey by Hill et al. 
(2013) demonstrated that the NHS was still the majority provider for dentate adults. 
 
Area of residence and features of the built environment 
Watt and Sheiham (1999) have stated that ‘area-based indicators are better predictors of 
oral health status than measures of socio-economic status’ (p.8). A number of studies 
have used area based measures to assess variations in dental health using the Townsend 
Deprivation Index (Prendergast et al, 1997), the Jarmin Index (Jones et al, 1997) as well 
as the Indices of Multiple Deprivation in England (Broomhead et al, 2014), Scotland 
(McMahon et al, 2010) and Wales (Richards et al, 2005). Such measures are perhaps 
more effective due to the number of different variables included within these composite 
indicators.  
However, features of the built environment have in general not been covered in as much 
depth. Dental surgeries are an obvious example that have been given sufficient 
attention, however the literature on other neighbourhood features is at times lacking. 
Despite this, there are examples which have studied such features within the literature. 
As mentioned earlier, Mobley et al. (2009) and Fonseca (2012) both hypothesised the 
importance of shops and supermarkets for diet and oral health. Aida et al. (2008) found 
significant associations between the number of grocery stores per resident and dmft 
scores, while Tellez et al. (2006) demonstrated similar trends with cavitated carious 
lesions. Borenstein et al. (2013) did not find associations between supermarket locations 
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and self-rated oral health, however this research represents a rare approach within the 
Dental Public Health literature, due to the inclusion of multiple features of the built 
environment, such as fast food restaurants, the number of social services, and the 
number of parks. Tellez et al. (2006) also included churches as context specific 
environmental features in their study, again finding significant associations with 
cavitated carious lesions, while Aida et al. (2008) found significant associations with 
community centres. Finlayson et al. (2010) included ‘7 different neighbourhood 
resources’, yet curiously only made mention of public libraries, medical services, parks 
and banks in their paper. These variables related to individual responses on how close 
participants felt they lived to these services, as opposed to their exact locations. 
Although no significant relationships were found, the research found that living closer 
to an increased number of services was associated with lower levels of poor or fair oral 
health, although this was dealt with as a homogenous ‘services’ variable.  
Antunes et al. (2002) included household overcrowding as a demographic variable in 
their study, while Moyses et al. (2008) included ‘areas of substandard living 
conditions’, defined as a ‘gathering of poor dwellings without access to urban planning 
policies, characterized as of greater socio-environmental risk with regard to human 
health’ (p.450). This slightly vague definition is hard to unpack exact relationships from 
though. Carvalho et al. (2010) included ‘the number of urban social facilities in the 
Health District’ (p.3), and while these represent built environmental features, this 
measure again grouped all potential facilities into one measure, rather than using exact 
geographical locations. Freire et al. (2013) also included the supply of fluoridated water 
in Brazilian towns in their research, a variable used numerous times in this context 
(Antunes et al, 2002; Antunes et al, 2004).  
Despite the inclusion of these features, there has been a lack of attention paid to the 
built environmental features of neighbourhoods overall, and this is an area that requires 
further research. Some variables have used aggregated individual level data to create 
neighbourhood level variables, such as empowerment (Santiago et al, 2014), while 
others have used individual perceptions of environmental features (Finlayson et al, 
2010). There is nothing wrong with these approaches, but as they are divisible to the 
individual level (Cummins et al, 2007), they may not be capturing the exact 
geographical nature of neighbourhoods. This process may be harder to judge using 
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statistical models, and may be an area where a method such as agent-based modelling 
would be useful. 
What becomes clear is that the determinants of tooth decay are multiple, interlinked and 
complicated in nature. Certain individuals, families and groups can become stuck in a 
vicious cycle due to their adverse circumstances, which have a number of knock-on 
effects which worsen the state of their oral health. The type of neighbourhoods that 
people live in may also be important in determining the severity of these effects, 
however while features such as fluoridated water may mitigate these effects to a certain 
degree, they are unlikely to fully overcome social and economic forces that lead to oral 
health inequalities. While the mechanisms and determinants of tooth decay have 
become that bit clearer, due to their complicated nature it would be hard to test these 
without some kind of framework to adhere to, and map variables onto in order to make 
sense of them and their associated pathways. This will be covered in more detail in 
Chapter 3, which will detail the theoretical side of this research.   
 
2.6. Spatial inequalities in oral health 
While Section 2.5 outlined some of the key determinants of tooth decay, a number of 
studies have attempted to measure the spatial impacts of these determinants on oral 
health outcomes. Given the geographical focus of this research, this section will 
therefore review previous uses of spatial analysis within Dental Public Health, to give 
an overview of the state of the field. This section will then move on to look at 
hierarchical spatial studies, before finally reviewing simulation methods used to analyse 
Dental Public Health related scenarios. 
 
2.6.1. Non GIS based studies of oral health 
Some studies of oral health have focused on specific neighbourhoods, areas within 
cities, and regions without the use of GIS analysis, often through the use of aggregated 
statistics. Antunes et al. (2003b) used this approach, along with K-means cluster 
analysis to demonstrate ethnic disparities in both dmft scores and service usage in 
schoolchildren in Sao Paulo, in addition to general income inequalities and private 
service availability. McDonald and Conde (2010) utilised aggregated data from the 
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Canadian Community Health Survey, along with basic urban-rural classifications, to 
analyse inter-regional and urban-rural patterns of health service usage among older 
Canadians, demonstrating a lower uptake of services in rural areas. Antunes et al. 
(2004) used ‘space as an organising frame’ (p.41) to demonstrate the positive effects of 
higher socio-economic status for caries in schoolchildren in Sao Paulo, while water 
fluoridation was shown to be effective in reducing the disease, although this resource 
was also unequal regarding access. The authors cite Hart’s (1971) inverse care law, and 
acknowledge the potential for violating the ecological fallacy by applying their findings 
below the city scale. Moyses et al. (2006) combined a micro-level ecological study with 
cross-sectional individual level data to show that dental trauma rates were highest in the 
east of the Brazilian city of Curitiba, with the ‘physical environment’ and ‘public social 
policies’ both significantly negatively associated. This is a rare example within the 
place based oral health literature that goes into such analytical depth when analysing 
individuals and areas, and including geographical considerations. 
 
2.6.2. Early use of spatial analysis in dentistry 
Spatial analysis in dentistry began in the 1960s, when Walker et al. (1965a) used 
concentric circles to compare regional proportions of dentists and payments to dentists 
in the UK. Further work by Walker et al. (1965b) created descriptive classifications of 
areas based on dentist numbers, money spent on treatment, and payments per dentist. 
Little geographical patterning was shown, although the need for more dental 
practitioners in the UK overall was stressed. Cook and Walker’s (1967) study 
highlighted similar trends to the previous studies, again using concentric circles, this 
time at the smaller district level. Unsurprisingly disparities between London and parts of 
the South and the rest of the UK were found, and higher socio-economic classes were 
shown to receive more treatment. However, the authors acknowledged the effects of 
district averages in potentially concealing local variation. Further geographical analysis 
came from Coates and Rawstron (1971) who used similar methods, and commented on 
the high numbers of councils with below average dentist-to-population ratios, the 
tendency for many dental students to stay in their region of study, and huge variations in 
the distribution of school dentists in England and Scotland.  
Bradley et al. (1978) present the first study to go ‘beyond visual appraisal of maps and 
tabulations at a rather gross scale’ (p.529). Their study of 5-year-old children in 
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Newcastle used dental data from schools, indicators of service demand and access, and 
travel times to show that demand for school dental services was highest where dental 
health was poorest. Significant relationships between working class areas and access to 
school dental services were also found. Taylor and Carmichael (1980) furthered this 
work, introducing thiessen (voronoi) polygons for catchment areas for school dental 
services, representing the first small areas analysis in dentistry. Using similar data, 
social class was shown to positively correlate with dental health and treatment need, 
while demand for community services was found to be higher in working class areas.  
 
2.6.3. More recent research on spatial analysis of access to dental services 
GIS and spatial analysis techniques have increased in scope since Taylor and 
Carmichael’s (1980) work, and now cover a worldwide dental literature. Themes such 
as access to dental services have emerged as popular topics within the literature, and in 
the Australian context in particular. McGuire et al. (2011) used concentric circles to 
estimate patient distances to dental clinics in Victoria, while also demonstrating positive 
relationships between increased emergency service usage and areas of lower socio-
economic status. Rocha et al. (2013) identified similar patterns in Melbourne, using 
geocoded patient data to show that those living over 10 kilometres from the Royal 
Dental Hospital experienced poorer access, while deprivation increased with distance 
from the hospital. Similar patterns were found in a study of public and private dentist 
locations in New South Wales (Willie-Stephens et al, 2014), demonstrating per capita 
income to be a good indicator of private dental service location, with comparable trends 
also seen in New Zealand (Kruger et al, 2012).  
Kruger et al. (2011) used various geographical scales overlaid with graticule squares, 
combined with concentric circles, to show that 345,000 Western Australians fell outside 
2 kilometre service buffers added to dental practices, with large disparities between 
urban and rural areas in practices per graticule. When compared to Queensland and 
Victoria, Western Australia was shown to have the fewest Census districts within 200 
kilometres of a public dental clinic (Perera et al, 2010), while deprivation scores were 
also higher in these excluded populations. In line with this, Madan et al. (2010) 
demonstrated a trend for higher rates of public sector general anaesthetic in remote 
areas, compared to higher private rates in more accessible areas of the state which also 
correlated with ‘better’ socio-economic profiles. Again the findings suggested the need 
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to focus on more disadvantaged and remote communities. Similar methods to those 
above have also been used in Australia to examine water fluoridation coverage among 
schoolchildren (Desai et al, 2015). The use of buffers linked to socio-economic data 
demonstrated links between socio-economic deciles and the proportion of children in 
non-optimally fluoridated schools, as well as disparities between urban and rural areas 
in fluoride coverage. Given the vast space services in this country must cover, it is 
unsurprising that research has taken this focus. However, these techniques are often 
descriptive and offer little explanation as to why certain patterns occur. 
Transportation can also act as a significant barrier to services. Borrell et al. (2006) used 
subway lines to demonstrate disparities in the locations of dental care for elderly 
residents of ethnic minorities in New York City. This showed that residents in North 
Manhattan may have been forced to use Columbia University’s dental clinics due to 
being negatively affected by transport limitations. Rail transportation formed the basis 
of work by Zainab et al. (2015), which used buffers, geo-coded locations and socio-
economic data to demonstrate that, despite the city’s excellent urban transport planning, 
retirees and elders in Sydney had lower accessibility to train networks capable of getting 
them to the Sydney Dental Hospital. This study is typical of many within this literature, 
in that buffers are added to geo-located points, then compared with measures of socio-
economic or demographic status usually taken from administrative data or surveys.  
Contrary to the results of previous studies measuring distance to services, Dumas and 
Polk (2015) demonstrated that distance to dental providers was not sufficient in 
explaining barriers to services in urban areas when investigating dental clinic utilisation 
among Medicaid insured children in Pittsburgh, with children often travelling further 
than needed rather than visiting their closest dentist. A state-wide study from Iowa 
however suggests that Medicaid insured children faced more serious travel burdens than 
those with private insurance (McKernan et al, 2016), living further from their nearest 
dentist, and having to drive further to access their current service. Lower rates of 
‘bypass’ were also seen in Medicaid and rural populations, most likely due to travel 
practicalities and resources. McKernan et al. (2015) identified dental service areas in the 
same state using small area analysis of patient origins and destination data, using this to 
create weighted dental visits per zip code for each dentist. Their analysis using these 
service areas again demonstrated urban-rural disparities, as well as racial disparities in 
geographical accessibility. The urban-rural disparities demonstrated in this study are 
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typical of the North American context (Emami et al, 2016). Nasseh et al. (2017) used 
road networks instead of straight line distance in combination with travel times, and a 
two-step floating catchment area method to define counties with dental shortages. This 
demonstrated that higher proportions of publicly insured children lived in service 
deficient areas in Missouri than Wisconsin, despite significant variation in both states.  
Despite the descriptive nature of some of the literature, novel geographical methods 
have also been used in spatial studies to analyse dental related trends. Feng et al. (2016) 
used geographically weighted regression, local indicators of spatial association, and 
spatial autocorrelation analysis to demonstrate a lack of overall association between the 
size of the dental workforce with the varying utilisation rates seen across the Appalachia 
region of the United States. Similar spatial statistics were applied in Jones et al. (2016a), 
with the addition of a three step floating catchment area method to calculate 
neighbourhood level access to dental care and family physicians. This demonstrated that 
service types were concentrated close to other similar services, with dental services 
being more highly concentrated and located in the urban centre and important 
commercial areas to the east of the centre, areas of greater socio-economic advantage. 
Spatial autocorrelation was also used by Meyer (2014) to analyse ‘hot spots’ of dental 
clustering in major urban areas of Ontario. Hot-spots of dental offices tended to be 
located in downtown areas, with ‘high-sale offices’ typically in suburban areas adjacent 
to neighbourhoods with deficits in dental services, also being characterised by higher 
income, population, growth and younger residents. Jager et al. (2016) used a novel 
approach involving ordinary least squares regression and geographically weighted 
regression of demographic data and data on dental workforce losses to estimate the 
dental workforce in 2030 in Northern Germany. Many areas were shown to be over-
served, while some rural regions had no dental services at all. Use of Moran’s I also 
showed there was no compensation from over-served neighbouring areas. 
Saman et al. (2011) utilised hot-spot analysis to identify clusters based on the 
percentage of adults with 6 or more teeth removed due to tooth decay or gum disease, 
along with cartogram analysis to demonstrate oral health disparities by population and 
the ratio of dentists per 10,000. Counties with lower populations and dentist ratios were 
shown to have worse oral health. A fuller explanation of cartogram-based methods will 
be provided in Section 4.10. Horner et al. (2007) used GIS to identify zip-codes falling 
outside a 10-mile radius from dental practices, before using a ‘location set covering 
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problem’ (p.114) to allocate services to these areas. Some new practices were able to 
cover multiple zip-codes, as under-served areas tended to be clustered spatially. This is 
a rare example of using GIS for potential practical solutions, rather than descriptive 
analysis. Krause et al. (2012) highlight some of the general challenges in using GIS to 
analyse oral health disparities, in particular the collection of data at aggregated scales, 
making small area analysis difficult. 
 
2.6.4. Spatial analysis and oral health outcomes 
Many studies have used spatial analysis to investigate specific oral health outcomes, 
with a large proportion from Brazil. Antunes et al. (2001) used K-means clustering to 
identify groups and patterning of oral cancers in Sao Paulo. Oral cancer mortality rates 
were positively correlated with income inequality, unemployment, overcrowding and 
illiteracy, while decreases in disease showed positive correlations with higher socio-
economic status. Central, northern and eastern regions of the city showed the highest 
rates. In a similar study Antunes et al. (2008) compared inner city rates of oral and 
pharyngeal cancer between male populations in Barcelona and Sao Paulo. Mapping 
both cities showed disease tended to be higher in more deprived areas, with a steeper 
social gradient and greater polarisation in Barcelona. The smaller geographical size of 
the areas in Barcelona may have influenced this though. Moyses et al. (2008) found 
distinct patterns of dental trauma incidence in the Brazilian city of Curitiba. This 
included associations between areas of ‘substandard living’ and the number of cases of 
dental trauma in the south of the city, demonstrating the need for both social and 
environmental variables in such research. Carvalho et al. (2010) found incidence of 
dental trauma to be highest in southern and western Curitiba, however environmental 
variables were not statistically significant. In total 28.7% of trauma cases fell outside 
health coverage buffers added to health centres. These two studies are notable for the 
inclusion of varying neighbourhood level indicators, and while not as conclusive as 
some (Macintyre et al, 2003), it demonstrates a different approach to analysing small 
areas.  
Caries has also been studied from a spatial perspective on a number of occasions. 
Antunes et al. (2002) mapped clusters of caries data for 5 and 12-year-old children to 
demonstrate spatial disparities in the disease in Sao Paulo, the worst affected areas also 
being correlated with lower income and employment, overcrowding and income 
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inequality. Work by Freire et al. (2013) used survey data for all state capitals and 
municipalities in Brazil to demonstrate spatial inequalities in caries nationwide 
(particularly between the north-east and south-east of the country), with higher levels in 
low income areas with poor access to fluoridated water. This study also found 
contextual variables to be as important as individual level indictors. Pereira et al. (2010) 
utilised GIS alongside multi-level regression, and showed associations between higher 
DMFT scores and lower income, overcrowding, infrequent dental attendance and lower 
education at the individual level. However, at the conglomerate level deprivation was 
associated with neither DMFT nor the care index (‘the percentage of teeth with decay 
experience that have been treated by filling’ – Public Health England, 2016 – p.12). 
This work highlights the benefits of considering mapping and statistics concurrently. 
 
2.6.5. Multilevel analysis 
A number of studies have taken a similar approach to Pereira et al. (2010) in using 
multi-level models to analyse spatial inequalities in oral health. Such approaches are 
used where data is hierarchical, and allows for it to be represented at more than one 
level. Gelman (2005) illustrates how these models estimate the predictive effects of an 
independent variable separately from others, while also being able to control for 
correlation and dependence between the individual and area level variables. Santiago et 
al. (2014) have also stated that ‘multilevel models allow the estimation of the contextual 
effect of a variable measured at the area level, considering the spatial distribution of 
individuals within the areas’ (p.20). 
Pereira et al. (2014) used this method to study the gingival status of schoolchildren in 
Sao Paulo. Individual level variables related to gingival bleeding included caries 
experience, while the percentage of illiterate heads of families was the only statistically 
significant contextual level variable. Better oral health was found in downtown Sao 
Paulo, an area containing both higher incomes and levels of education. This study 
highlights an unfortunate trend within some of the Dental Public Health literature, 
which involves using aggregated individual level data as a contextual variable, rather 
than actual features of local environments. Antunes et al. (2006) used multilevel 
modelling to demonstrate not only spatial disparities in oral health among 
schoolchildren, but also inequalities based around educational provision, ethnicity and 
gender. Water fluoridation was also shown to have a significant effect on improving 
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oral health profiles. Celeste et al. (2009) investigated the link between income 
inequality and oral health, and demonstrated that neither social capital nor public health 
services had the desired effect of reducing the Gini coefficient, with more services 
actually increasing the coefficient. Again, lower income was associated with poorer oral 
health, leading to a potential double burden for certain groups. A strength of the paper, 
and a rarity among the literature, is the attempt to control variables in order to represent 
different theoretical mechanisms and pathways throughout the analysis, based on ‘a 
priori postulated pathways’ (p.1471), such as those in Kawachi and Kennedy (1999), 
setting out a number of mechanisms by which health is affected by income inequality. 
Further work from Brazil includes a study by Pattussi et al. (2006), who showed that 
levels of empowerment reduced as DMFT scores increased, independent of social 
variables at both scales.  
Borenstein et al. (2013) applied multilevel modelling in a study of neighbourhood 
effects on oral health in Toronto, and represents one of the few dental studies to include 
numerous built features of local environments. Dentist visits were more likely from 
those on low incomes, but less so for those without insurance. Social services were 
significantly associated with dental visits, while social services and park space were 
significantly associated with self-rated oral health. Santiago et al. (2014) used multi-
level modelling to demonstrate that neighbourhood empowerment levels were 
negatively associated with caries levels, while individual social capital variables had 
little impact on the model. Lopez et al. (2009) have also demonstrated that the size of 
geographical areas used in such studies matters for the outcome, and Celeste et al. 
(2011) have urged similar caution with regard to the size of study areas. Finally, Turrell 
et al. (2007) showed that the ‘neighbourhood’ was associated with self-reported oral 
health, independent of socio-economic traits, in Adelaide, Australia. Disadvantaged 
areas were associated with negative oral health outcomes, although the authors do 
acknowledge the lack of theoretical grounding in their study.  
 
2.6.6. Simulation modelling in Dental Public Health 
Several studies have applied top-down simulation approaches such as system dynamics 
modelling to oral health related scenarios, including Hirsch et al. (2012). This study 
simulated the impact of interventions on childhood caries in Colorado, and found 
fluoride varnishes for children, treating mothers with xylitol, and motivational 
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interviewing to have significant effects on caries reduction, even more so when the 
interventions were combined. Saman et al. (2010) used system dynamics modelling to 
demonstrate that the rate of retiring dentists would not be matched by incoming dentists 
in the US state of Kentucky, leading to recommendations for higher recruitment of rural 
students into dentistry.  
Individual level simulation models are equally rare, and to date only one study has 
applied microsimulation to an oral health related study. Brown et al. (1995) investigated 
fee and insurance changes in the United States, finding that spending per capita 
decreased upon decreases in dental insurance coverage, while tooth decay subsequently 
increased. However, as this study took no consideration of small area geographical 
variation it could not be considered a ‘spatial’ microsimulation study as such.  
The work of Metcalf et al. (2013) is a rare example of an agent-based model applied to 
oral health. This was combined with a system dynamics model, and demonstrated the 
importance of the spread of word of mouth among an elderly population in New York 
City, which lead to increases in care seeking and preventative screening. A similar study 
using system dynamics and agent-based modelling again demonstrated the potentially 
important influences of social networks on dental clinic visits, and subsequent oral 
health outcomes (Wang et al, 2016). Agent-based models have great potential within 
Dental Public Health research (Roudsari et al, 2016), with further examples provided by 
Sadeghipour et al. (2017). This research into friendship networks and tooth brushing 
habits demonstrated that behaviours diffused through developed friendship networks, 
with agents who were closer in these networks becoming more similar in their brushing 
habits. More popular agents were also shown to have better brushing habits, which may 
encourage others to improve theirs. Sadeghipour et al. (2016) have also used this 
method to investigate demand for dental visits, demonstrating that the oscillatory nature 
of dental demand is dependent on the social network structure of individuals, and the 
number of effective connections within these. Adegoke (2016) also submitted a thesis 
based on agent-based models of behavioural change with regard to oral care and 
hygiene; however, the details of this thesis are not publicly available. 
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2.7. Summary 
This chapter has demonstrated the complicated nature of geographical studies, as well 
as potential methods to address these and analyse small area concerns surrounding 
health inequalities. The complicated nature of the determinants of tooth decay have also 
been outlined, demonstrating the difficulty in analysing such a multifactorial disease. 
Currently the spatial analysis within the Dental Public Health field, while increasingly 
including more interesting and novel GIS methods, has not focused on neighbourhood 
effects, or small area analysis in much detail, let alone enough to consider all of the 
relevant determinants for tooth decay. Many outcomes have also been descriptive in 
nature, without addressing the underlying determinants of the patterns observed. It 
seems that the general health inequalities literature also tends to consider a wider variety 
of neighbourhood level variables and theoretical considerations, and treats 
neighbourhoods as more than aggregated socio-economic variables. While not always 
the case within the dental literature, it is more common to see the use of deprivation 
indices and contextual level socio-economic variables to represent neighbourhoods in 
this field. While little theoretical work has been conducted on neighbourhood influences 
on tooth decay, the literature, and the results from these studies, are still potentially 
useful for informing future theoretical work.  
Despite the current state of the field with regard to small area analysis, this chapter has 
presented a number of potential approaches. An approach that considers conventional 
trends associated with socio-economic and material issues, as well as relational 
representations of feelings, attitudes and perceptions would be a suitable approach for 
oral health related studies. Section 2.3 demonstrated how spatial microsimulation can be 
used to create new variables in a representative dataset including those of both a 
conventional and relational nature. The compatibility of these outputs with agent-based 
approaches adds further to their value, and allows for the potential dynamic simulation 
of these populations, giving more insight into the important mechanisms for tooth decay 
at the small area level. This has obvious advantages over traditional statistical methods, 
and is a combination not seen in the dental literature before. If such methods were 
driven by the existing theory within the field to aid variable choice, and organised 
around a framework designed for the analysis of health in neighbourhoods (Macintyre 
et al, 2002), it would have huge potential for investigating relevant pathways and 
mechanisms. Such an approach could add to theoretical understandings of 
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neighbourhood environments in an oral health context, while also introducing a new 
combination of methods to the field that has the potential to be useful in other oral 
health related scenarios beyond tooth decay. Through an exploratory approach such as 
this it may be possible to identify what the most important features of neighbourhood 
environments are (if at all) for tooth decay, and how these differ depending on location. 
In the rest of this analysis the term ‘neighbourhood’ will primarily be used to describe 
analyses of the local environments in which individuals live, as an overarching term to 
encompass other concepts discussed in this chapter including place, context and area. 
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Chapter 3 – The theory behind neighbourhood effects on 
tooth decay 
 
‘He who loves practice without theory is like the sailor who boards ship without a 
rudder and compass and never knows where he may cast’ (Leonardo da Vinci - 1452–
1519) 
 
3.1. Introduction 
This chapter will present the main theoretical work undertaken for this research, and 
will start with a review of current theories into why health inequalities persist, before 
introducing the main theoretical framework that will guide this research, specifically the 
simulation modelling that will be covered in Chapters 4 and 5. Following the 
introduction of this framework, the theory identified in Section 2.5 of the literature 
review will be used to populate each element of the framework, along with details of the 
operationalisation of all of these constructs.  
 
3.2. Theories behind health inequalities 
Recent decades have seen an increased interest in the study of the social determinants of 
health and their role in shaping health inequalities. The World Health Organisation 
(WHO) have defined the social determinants of health as the interplay between ‘context, 
structural mechanisms and the resultant socioeconomic position of individuals’ (WHO, 
2010 - p.6), which operate through intermediary determinants of health. The main 
intermediary categories include psychological factors, such as stressful living conditions 
and relationships, and social support; material circumstances in which individuals live, 
including housing, neighbourhood environments, financial constraints and work 
opportunities; and behavioural and biological factors, such as nutrition, activity, excess 
consumption, and genetics (WHO, 2010). Marmot (2005) describes tackling the social 
determinants of health inequalities as a key ‘thrust’ in attempting to reduce health 
inequalities. A basic premise behind the social determinants of health is not the 
management or treatment of health conditions once they have occurred (the downstream 
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effects), but to look at the ‘causes of the causes’ (Marmot, 2005 - p.1102) (the upstream 
effects) that lead to these health outcomes in the first place. While this dichotomy may 
be a slight oversimplification, it nonetheless highlights the importance of tackling 
relevant social issues before they lead to disease.  
Marmot states that ‘if health of a population suffers it is an indicator that the set of 
social arrangements needs to change’ (p.2). Watt (2007) suggests a number of strategies 
that could be effective in successfully tackling these upstream causes in relation to oral 
health, including the empowerment of individuals at risk, effective partnerships across 
all relevant agencies/departments, and the use of existing knowledge of effectiveness 
and good practice among others. The effects of the social determinants are not evenly 
distributed among populations however. Work by Wilkinson and Marmot (2003) 
highlights the steep social gradient present in many societies, whereby those further 
down the ‘social ladder’ are more susceptible to a variety of health conditions and 
diseases. Additionally, Wilkinson and Marmot (2003) state that this effect is not 
confined to the poorest in society, as those in the middle of the gradient are likely to 
have worse health outcomes than those at the top. Wilkinson and Marmot’s report 
identified nine variables that are key to producing health inequalities, each of which has 
a clear social gradient, these being: stress; conditions in early life; social exclusion; 
work; unemployment; social support; addiction; diet; and transport. 
In 2005 the WHO established the Commission on the Social Determinants of Health, 
with the goal of addressing social factors that lead to ill health and inequalities in these 
illnesses. In 2010, the commission published a conceptual framework, focusing on the 
role social position plays in such inequalities (WHO, 2010). The framework is notable 
for attempting to distinguish between different levels of causation, and the mechanisms 
that cause the social hierarchy. While the social determinants of health have received 
increased attention in recent years, it is one of a number of theories as to how health 
inequalities are created and persist. Some of these theories have been largely 
discredited, while others are more widely accepted within the health inequalities 
literature. These theories are discussed below. 
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3.2.1. Existing theories on health inequalities within the literature 
Artefact theory: Widely disregarded, this theory implies health inequalities are merely a 
statistical artefact related to the way social status has been classified over time 
(McCartney et al, 2013). The theory is undermined by the sheer scale of widespread 
evidence for health inequalities, even when different statistical measures of social status 
are used. The theory also implies increased levels of relative inequality are inevitable 
when the overall level of a particular outcome falls, due to it being easier for 
‘determinants to produce a relatively high risk’ (Mackenbach, 2012 - p.764).  
Health selection theory: Effectively reverse causation, it is implied that poor health 
(rather than socio-economic status) leads to a social selection process, or ‘social slide’, 
leading to observed associations between social status and health (McCartney et al, 
2013). This theory has been disproved by evidence reaching as far back as the Black 
Report (1980), as well as by more recent accounts (McCartney et al, 2013). Evidence 
has shown that social determinants are the cause of poor oral health, particularly where 
social gradients in dental caries have been identified through socio-economic status 
(Hobdell et al, 2003). McCartney et al. (2013) have also stated that longitudinal work 
can be used to test such theories, as ‘pre-morbid social status’ (p.222) explains the 
majority of ‘the concentration of ill-health in lower social groups’ (p.222) as opposed to 
any social slide. With regard to tooth decay, Thomson et al. (2004) found significant 
differences between socio-economic groups persisting over time when measuring tooth 
loss from caries, while Poulton et al. (2002) also demonstrated the lifelong effects of 
low socio-economic status on decayed surfaces. 
Cultural and behavioural factors: This suggests that the link between social strata and 
health outcomes is a result of the differences between social classes in terms of their 
health related behaviour (Bambra, 2011), with those in lower socio-economic groups 
more likely to engage in health damaging behaviours (Sisson, 2007). However, 
McCartney et al. (2013) noted that this would mean socio-economic status was only an 
effect modifier. They state that when populations from differing social groups have 
equal exposure to behavioural risk factors, mortality is still higher in the lower socio-
economic groups. Secondly, focusing solely on behaviours ignores how and why 
individuals adopt certain behaviours in the first place. Finally, the link between health 
behaviours and lower social standing has almost disappeared in some populations, but 
the link between lower social status and mortality remains. Sisson (2007) comments that 
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human behaviour is extremely complicated, and therefore unlikely to be influenced 
purely by behavioural and cultural factors. Regarding oral health, Section 2.5 of the 
literature review demonstrated that lower socio-economic groups exhibited less 
favourable behaviours with regards to diet (National Diet and Nutrition Survey, 2014), 
oral health behaviours (Sabbah et al, 2009; Singh et al, 2013), and dental attendance 
(Eckersley and Blinkhorn, 2001; Lang et al, 2008). However, in line with the comments 
made by Sisson (2007) and McCartney et al. (2013), it seems unlikely that these factors 
alone explain oral health outcomes, and would leave an incomplete picture as these are 
known to be influenced by factors such as income in the case of diet (Fonseca, 2012), 
deprivation in the case of attendance (Lang et al, 2008), and education with regard to 
oral health habits (Sabbah et al, 2009).  
Cultural capital: Influenced by the previous theory and originating from Bourdieu 
(1984), this concept posits that health inequalities can be explained by differences in 
attitudes, competency and knowledge between groups that have intergenerational 
cycles. These differences arise from the need for ‘social distinction’ with regard to 
being able to ‘show off’ one’s social position, which requires a lot of cultural capital 
(non-financial social assets). Opportunities to distinguish oneself through health related 
behaviours may have increased due to fewer opportunities to do this through material 
means (Mackenbach, 2012). While there are no explicit studies on oral health related 
examples of showing off, the idea of intergenerational inequalities due to differences in 
attitudes and the cycles of these could exist through the influence of parental attitudes 
and knowledge on those of their children and their subsequent oral health behaviours 
(Adair et al, 2004; Poutanen et al, 2006), as well as the importance of parental education 
and occupation on their children’s oral health (Saldunaite et al, 2014; Vanobberge et al, 
2001). Some studies have also shown that maternal oral health when children are young 
is a good predictor of oral health status in adulthood with regard to caries (Shearer et al, 
2010). Chaffee et al. (2014) also demonstrated that maternal salivary bacteria was 
longitudinally associated with childhood caries from birth to 36 months, while Bedos et 
al. (2015) have shown intergenerational differences in tooth decay in children based on 
maternal eduntulousness. 
Psychosocial factors: A popular theory within health inequalities research, Mackenbach 
(2012) describes the key components of this theory as ‘psychosocial stress, lack of 
social support and sense of control’ (p.765). The premise is that some people are 
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worried, anxious and feel situations are out on their control, and that continued stresses 
throughout life can increase the risk of poor mental health and death. A particular 
feature of this is known as the ‘fight or flight mechanism’, where hormones and the 
nervous system prepare individuals to deal with threats. For short periods this process 
has no lasting effect, but as it diverts the body’s resources form physiologically 
important processes it can have negative health effects if triggered continually over 
longer periods (Wilkinson and Marmot, 2003). Those further down the social scale are 
more likely to experience sustained stresses, in relation to unstable employment or lack 
of income to provide adequate material resources for example. Within the oral health 
literature there is support for this theory, with factors such as stressful environments 
which have biological impacts (Boyce et al, 2010), lack of resources (Finlayson et al, 
2010) and personal constraints (Sanders and Spencer, 2005) all contributing.  
The life course perspective: The premise behind this theory is that the life a person has 
lived up until a given point has consequences for their current health, something cross-
sectional analyses often fail to account for. Sisson (2007) highlights two different 
models associated with this theory – the accumulation model, and the critical periods 
model. The first asserts that exposures to advantage or disadvantage at different stages 
of life have a cumulative effect, which decreases or increases the chance of developing 
chronic diseases. Circumstances in childhood set an individual on their own ‘health 
trajectory’, with no one factor being more important than another. The second suggests 
that some outcomes (e.g. heart disease, stroke) have origins ‘during critical periods of 
development’ (p.2) that determine future health outcomes independent of intervening 
factors. Ben-Shlomo and Kuh (2002) define these periods as ‘a limited time window in 
which an exposure can have adverse effects on development and subsequent disease 
outcome. Outside this window, this developmental mechanism for mediating exposure 
and disease risk is no longer available’ (p.288).  
This theory has a number of strengths, as it provides a history of, and explanation for 
the development of diseases in people, as well as the persistence of inequalities over 
time. There has been support for the validity of both the critical periods model (Graham, 
2002), and the accumulation model (Poulton et al, 2002) with regard to caries and 
periodontal disease. Thomson et al. (2004) also demonstrated the importance of the life 
course to a number of oral health outcomes including tooth decay. While some studies 
found no longitudinal associations with variables such as tooth retention (Heilmann et 
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al, 2015), Nicolau et al (2007) found associations between low paternal education in 
childhood and adult levels of periodontal disease, supporting both the accumulation and 
critical periods model. All of these oral health studies showed significant associations 
between childhood socio-economic status and adverse oral health outcomes. 
Mackenbach (2012) has stated however that mortality and morbidity rates can often 
respond quickly and dramatically to changing social conditions, not always with the 
delays implied by the theory. 
Neo-materialist theories: According to Peacock and Bissell (2011) neo-materialist 
theories comprise a combination of negative exposures due to a lack of resources, and a 
lack of investment in human, cultural and political-economic processes. This can, for 
example, focus on issues of income and the subsequent (lack of) access to goods, 
services and resources that may reduce physical and psychological risks (Bambra, 
2011). The theory also encompasses structural elements, including issues such as 
taxation, legislation, regulation, policy, and changes in the broader distributions of 
income and power within society, moving away from focusing purely on the individual. 
This theory has particular relevance to oral health as those lacking in income (Costa et 
al), as well as resources such as food (Mobley et al, 2009; Fonseca, 2012) and oral 
health related knowledge (Williams et al, 2002) have all been shown to have higher 
levels of tooth decay. Wider structural issues, although not as well examined within the 
dental literature, also appear to have impacts, including making dentists harder to access 
for certain populations (Landes and Jardin, 2010), while the impact of income 
inequality measured using the Gini coefficient has also shown positive associations with 
tooth decay (Celeste et al, 2009). 
Mackenbach (2012) introduced three additional theories. The first of these, 
‘fundamental causes’, was conceptualised by Link and Phelan (1995), and emphasises 
social forces underlying social stratification as the key to health inequalities. The 
persistence of such inequalities (over different time periods, and different national 
conditions) is due to social standing affording some individuals ‘flexible resources’ 
(p.764), including money, power and social connections that can be used to avoid, or 
minimise the consequences of disease. Similar to the neo-materialist theory, this theory 
would seem to have some credibility within Dental Public Health, as it has been shown 
that those of higher social standing have more flexible resources with regard to access to 
dental services (Landes and Jardin, 2010), as well as choice of services (McKernan et 
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al, 2016; Nasseh et al, 2017). Income differences have also been shown to offer 
different access to food (Fonseca, 2012), as well as a variety of resources that are 
beneficial to oral health including access to products that maintain good oral health, and 
information that promotes better oral health (Costa et al, 2012).  
The second theory, ‘diffusion of innovations’, posits that those in higher socio-
economic groups tend to adapt to new health behaviours earlier than those of lower 
socio-economic status, providing a plausible explanation as to how health inequalities 
may widen when ‘major improvements in population health are mediated by 
behavioural change’ (p. 765). While there are no explicit examples of this within the 
dental literature, it could be argued that those who have higher education qualifications 
are more likely to take on more favourable oral health related habits (Sabbah et al, 
2009), with those from less deprived areas having more regular attendance patterns 
which allow them to take advantage of professional advice (Lang et al, 2008), thus 
taking advantage of their position in society to better their health.  
Finally, the ‘personal characteristics’ theory posits that upward mobility is more likely 
in people who have sets of personal characteristics that are ‘conducive to good health’ 
(p.764). These characteristics include cognitive ability and personality profiles, 
including the ‘big five’ personality traits (openness to experience, conscientiousness, 
extraversion, agreeableness and neuroticism). This has the potential to reduce 
intergenerational transmissions of conditions, diluting ‘the health effects of social 
stratification’ (p.675). Socio-economic inequalities leading to stressful family 
conditions and differences in early life may hamper investment in children, which can 
lead to inequalities in these characteristics. Health inequalities could have increased 
based on these personality characteristics, as they affect health related behaviours and 
social position. Certainly within the dental literature education (as a marker of cognitive 
ability) has been shown to be associated with tooth decay (Muirhead and Marcenes, 
2004; Brennan et al, 2007), while stressful events have negatively impacted self-
reported oral health (Sanders and Spencer, 2005; Finlayson et al, 2010), as well as 
caries in children (Boyce et al, 2010) through financial stress in the home.  
The basic structures of the above theories are visualised in Figure 2, which was created 
as part of this research. The artefact and health selection theories have not been 
included, due to their widespread dismissal within the literature. 
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Figure 2 – Basic pathways of the theories of health inequalities
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3.3. A new approach to theorising the role of neighbourhoods in oral 
health inequalities 
As can be seen from the work presented in Section 2.6, the approaches taken within the 
dental literature using spatial analysis which either includes neighbourhoods within 
studies, or represents aspects of these, has more often than not done so by using 
deprivation indices or through the use of an aggregated social indicator (socio-economic 
status or deprivation for example) to act as an area-based score (Rocha et al, 2013; 
Pereira et al, 2014). Fewer studies have attempted to represent the built, physical or 
collective characteristics of different areas, specifically indicators that are not divisible 
to individual level characteristics (Pickett and Pearl, 2001; Cummins et al, 2005). As 
such, it would appear that there has been a lack of theorising of some potentially 
important features of place which may influence inequalities in tooth decay. 
Section 3.2 presented an overview of the main theories that have been presented in an 
attempt to explain continuing patterns of health inequalities. Many of these theories are 
not mutually exclusive, and have common elements to them. Neo-materialist factors are 
thought to have significant psychosocial impacts for example, while the behavioural and 
diffusion of innovations theories share similar traits. However, these theories may not 
collectively capture enough of what it is about where we live that affects our health. 
Relatively speaking the theories are quite general, and tend not to theorise which 
features of the local environment are most important to health inequalities at the small 
area level.  
Therefore, a new approach is required which can offer a potential solution to these 
aforementioned issues. This new approach can be guided by the theoretical work of 
Macintyre et al. (2002). Macintyre and her colleagues believe that many of the theories 
that explain health inequalities place more focus on the individual (with the exception of 
neo-materialist theories), and have often not taken into account social processes and the 
surrounding environments to which individuals are exposed concurrently, commenting 
that ‘within this research field, contextual material and institutional resources and 
opportunity structures have been less the focus of research than collective psychosocial 
characteristics’ (p.130).   
As a result, Macintyre and colleagues conceptualised an organising framework by 
which hypotheses about the role of place may be tested, specifically concerning 
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contextual aspects of the built, social and physical environment that may affect health. 
The features of the framework are listed below.  
1. ‘Physical features of the environment shared by all residents in a locality’ 
This includes features such as the quality of air and water, latitude and climate, all of 
which are likely to be shared across wider areas by a number of different 
neighbourhoods. Macintyre et al. (2002) cite the example of Glasgow’s water supply, 
which all comes from the same loch, stating that the city’s large inequalities in death 
rates cannot therefore be explained by variations in drinking water. 
2. ‘Availability of healthy environments at home, work and play’ 
The features of this pathway include elements such as the provision of acceptable 
housing, non-harmful employment sites and safe areas for children to play. Levels of 
these will vary by area, and may not affect all residents in the same way. Fewer safe 
play areas are more likely to affect families with young children for example.  
3. ‘Services provided, publicly or privately to support people in their daily lives’ 
Services such as education, transport, policing, welfare and street maintenance are given 
as examples, with the effects potentially varying based on peoples’ circumstances. For 
example, poor public transportation may not matter as much if individuals own a car. 
4. ‘Socio-cultural features of a neighbourhood’ 
This pathway includes features such as the economic, political, ethnic and religious 
traits/history of a community, as well as the values (and subsequent norms) associated 
with these. This can also include factors such as levels of crime, feelings of personal 
safety, and community support networks. 
5. ‘The reputation of an area’ 
The final pathway considers how the way an area is perceived by a number of different 
groups (residents, service planners, banks/investors, etc.) can affect the infrastructure of 
these places. Reputation can also influence who moves in and out of said areas, as well 
as the self-esteem of those who reside there. 
The first three measures, focusing on material and infrastructural resources, are labelled 
‘opportunity structures’, which are socially constructed, and socially patterned features 
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of the physical and social environment, promoting or damaging health both directly and 
indirectly through the possibilities they provide. The last two measures are referred to as 
‘collective social functioning and practices’. Examples of these given by the authors 
include ‘people’s use of their local area, perceived social cohesion, aggregate and 
neighbourhood level measures of social participation such as the number of local 
voluntary groups, and symbolic and actual representations of the areas via newspaper 
and other accounts of the area, including photographs’ (p.132), and are designed to 
represent ‘non-material culture’ (p.135). Thus the authors have considered both social 
and physical (both built and natural) features of the local environment, as well as those 
that affect individual practices, and those of wider communities as a whole, bridging the 
gap between these aspects.  
This conceptual work represents a comprehensive approach to studying the various 
aspects of the local environment in a health inequalities context, and this is why it has 
been chosen to guide this research. There have been other attempts at conceptualising 
what it is about place that influences health, however most have focused on a particular 
approach (i.e. relational or conventional), and not considered a wide variety of factors or 
scenarios. Smith and Easterlow (2005) for example focused entirely on housing from a 
relational viewpoint, while Popay et al. (2003) concentrated their research on the 
relational aspects of normative dimensions of place. On the other hand, studies such as 
Carvalho et al. (2010) attempted to include features of the local environment, but 
featured only a small variety of these. This study also focused mainly on conventional 
approaches, without going into the relational depth of the previous two studies. 
Macintyre et al. (2003) may represent one of the more comprehensive studies in this 
area, including data on individual circumstances, opinions on neighbourhood amenities, 
and neighbourhood based service scores. 
The conceptual pathways of the organising framework suggested by Macintyre and 
colleagues (2002) span both conventional and relational viewpoints, covering themes 
such as social interactions and practices, political and structural factors, naturally 
occurring elements of the physical environment, local infrastructure, and traditional 
socio-economic and material indicators. So far, no other framework that lends itself to 
the study of neighbourhood environments has been identified that covers such a wide 
variety of themes from a number of different viewpoints in this depth. The framework 
also incorporates elements of all seven of the health inequalities pathways shown in 
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Figure 2 (Section 3.2), which, combined with its comprehensiveness, makes it 
potentially suitable for the study of neighbourhood effects in relation to tooth decay. 
Macintyre and colleagues do acknowledge, however, that their framework is still 
limited in that it does not specify exactly what needs to be studied in these broad 
pathways, and that ‘a starting place for conceptualising and measuring area influences 
on health is to consider what humans need in order to live a healthy life’ (p.130). The 
authors also comment that a legitimate question to ask when addressing the framework 
would be, within a given society, what the geographical distribution of resources to 
meet the needs for healthy lives is, and whether this distribution is associated with 
geographical distributions of health. As such, it would make sense to operationalise 
measures that are representative of particular societies in specific historic periods in 
particular places. Finally, they state that they ‘are not suggesting that every study of area 
and health try to cover every single measure of the physical and social context which 
might influence human health. Rather, we wish to suggest that investigators should 
attempt to hypothesise and test specific pathways by which area might influence health’ 
(p.133). This could involve for instance, identifying major risk factors of a disease or 
outcome, and linking these with ‘features of the material and social environments which 
promote such risk factors’ (p.133). 
The acknowledged lack of specificity in the conceptual pathways presents an 
opportunity for those studying place effects to employ variables relevant to their own 
research, as the framework could be applied to any health related field with relevant 
theory. In this research the pathways were created using the theory from Section 2.5, as 
well as theory from the wider health inequalities field where suitable. The pathways are 
therefore purely driven by theory, and not by data availability. Data and relevant 
variables are still an important part of this research though, and as such the 
operationalisation of each pathway will also be discussed. 
Each of the five pathways represents a particular way in which place affects health. 
Variables that theoretically fit within the remit of each of these pathways, that represent 
an element of the neighbourhood environment, and that are relevant to inequalities in 
tooth decay will form the first step(s) of the pathways. For example, in the third 
pathway education is given as an example of a place based service to support people in 
their daily lives. As education is also relevant to inequalities in tooth decay, it forms one 
of the first steps in the third pathway. From here the theory gathered in Section 2.5 (and 
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from the wider health inequalities field) was used to fill out the rest of the pathways, 
creating a sequence of events whereby neighbourhood environments influence levels of 
tooth decay in individuals. This approach is beneficial in that it allows for the inclusion 
of both individual and household level variables, as well as neighbourhood level 
indicators. Jamieson and Thomson (2006) have commented that individual and 
household level variables can fail to capture contextual influences involved in health 
inequalities, while a danger of contextual and area based measures is their assumption 
of homogeneity among the population in given geographical areas. The authors further 
add that there is likely great benefit for Dental Public Health research in ‘using a dual 
socioeconomic measurement approach to population research’ (p.108). The approach 
taken in this chapter allows for this to happen. 
The following sections will first present the data sources considered for operationalising 
the theoretical pathways (Section 3.4), before presenting the justification for the 
pathways that have been constructed for studying inequalities in tooth decay (Section 
3.5). Each pathway will have its own section, and will be accompanied by a visual 
representation of the relevant pathway (Figures 3-7), as well as data tables outlining the 
process of operationalisation (Tables 4-7).  
 
3.4. Operationalising the oral health inequalities pathways 
The Adult Dental Health Survey (2009) was the main source of survey data used for 
individual level responses in this research. The Adult Dental Health survey is a 
decennial representative national survey that was first conducted in 1968. The 2009 
version, commissioned by the NHS Information Centre for Health and Social Care, 
consisted of interviews with 11,380 individuals, collected from 12 strategic health 
authorities across England, Wales and Northern Ireland. Of the original sample, 6,469 
dentate adults underwent dental examinations. While other surveys include questions 
relating to dental health (e.g. number of teeth) or dental visiting patterns, none match 
the Adult Dental Health Survey for the sheer number of clinical variables. As well as a 
vast amount of clinical data the survey also includes information on socio-
demographics, behaviours and material circumstances, as well as information on 
attitudes and service use. Upon consultation with Professor Zoe Marshman, from the 
Unit of Dental Public Health in the School of Clinical Dentistry at the University of 
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Sheffield, the ‘numdu98’ variable was chosen as the outcome variable for this research. 
This represents the number ‘of decayed or unsound teeth’, not including those with 
fillings or those that have been extracted, using the 1998 classification. This variable 
essentially acts as the endpoint of the pathways, as the outcome of this analysis will 
always be how the theoretical pathways influence levels of tooth decay. As the 
processes that occur along the pathways influence different people in different ways 
depending on a number of characteristics, the final point in the pathways will also 
represent how such processes lead to inequalities in tooth decay between different 
groups.  
In order to test any theoretical pathways relevant data needs to be available that can be 
assigned to each of the pathway’s constructs. It is important to consider the type of data 
that is relevant to each section of the pathways as well. For example, as has already 
been mentioned, the first ‘row’ of boxes in the pathways represent a feature of the 
neighbourhood environment from which the impacts on tooth decay begin (i.e. not 
individual characteristics but those of the built, structural, or collective environment) 
while the boxes further down the pathways represent individual characteristics and 
behaviours. Thus it is important that variables are assigned to represent the right types 
of construct. Along with the ADHS, additional surveys were considered as data sources, 
including: 
 The Health Survey for England - 2009 
 Understanding Society – 2009-2013 
 The Poverty and Social Exclusion Survey - 2012 
 The British Social Attitudes Survey - 2013 
 The Living Costs and Food Survey – 2013 
 The National Diet and Nutrition Survey – 2014 
While these surveys all contained data that would be useful to this research, and could 
supplement data from the ADHS where it may be lacking, the complications of 
including multiple surveys, and the population demographics associated with these, 
meant that this was beyond the scope of the current research. The next section will 
present the theoretical justification for the creation of each pathway, followed by a 
visual representation, a discussion of the available data, and tables showing the sources 
of this data for the separate elements of the pathways. Within the visual representations 
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(Figures 3-7) each box contains the name of a construct used in this research, with a 
more accurate description of how this construct is interpreted in the context of this 
research shown beneath in brackets and italics.  
 
3.5. Creating the oral health inequalities pathways 
Pathway one - Physical features of the environment shared by all residents 
in a locality 
Macintyre and colleagues (2002) describe the physical features of the local environment 
as variables such as air quality, water quality, latitude and climate. Thus in this sense 
the word ‘physical’ refers to the natural environment, rather than physical structures 
within it. A further tenet of this pathway is that the variables in question should affect 
all residents that are exposed to it in much the same way. With regard to inequalities in 
tooth decay there appears to be only one such feature that is theoretically relevant, this 
being the presence of fluoridated water. Here both naturally and artificially fluoridated 
areas could be considered.  
As demonstrated in Section 2.5, optimal levels of either type of fluoride supply have 
been shown to reduce levels of dental decay (McDonagh et al, 2000; Griffin et al, 2007) 
in populations, albeit with the possible side effect of mild fluorosis in some cases. A 
further benefit of water fluoridation appears to be the reduction of the socio-economic 
gradient in oral health inequalities in certain areas (McGrady et al, 2012). Environments 
that receive either kind of fluoride supply therefore would seem to aid in maintaining 
healthier teeth, or at the very least have some sort of protective effect, if only to a small 
degree. The British Fluoridation Society (2012) estimates that 330,000 people in the UK 
receive optimal levels of natural fluoride in their water, while a further 5,797,000 
receive artificial fluoride to the optimal level. Thus, the distribution of this resource is 
far from universal within the UK, with the result being that certain areas will reap the 
benefits of this protective resource, while others are not so fortunate. This pathway is 
visualised in Figure 3.  
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Figure 3 – Pathway 1: pathways for the ‘Physical features of the environment shared by all residents in a locality’ 
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With regard to the first pathway, the Adult Dental Health Survey has two variables 
concerned with fluoride levels. However, these are related to practices such as the use of 
fluoride toothpastes and mouthwashes, rather than the levels of fluoride in the local 
water supply. It may be possible to obtain such levels from either the local water board 
(e.g. Yorkshire Water), or through oral health needs assessments for relevant areas. 
However, the city of Sheffield is not fluoridated to the optimal level of one part per 
million (ppm), either naturally or artificially, and only certain areas to the south-east of 
the city receive naturally fluoridated water, at a level of 0.4 parts per million (Public 
Health England, 2015). Thus this is not a practical variable for the context of this 
research. Nevertheless, water fluoridation is a theoretically important aspect of the local 
physical environment, and is certainly worth consideration in future research on 
neighbourhood effects in other locations in the UK and abroad where relevant. Certainly 
the methods used in this research would be suitable for testing the effects of this 
particular intervention for reducing inequalities in tooth decay. 
 
Pathway two - Availability of healthy environments at home, work and play 
The primary examples given for this pathway by Macintyre and colleagues are the 
provision of ‘decent housing, secure and non-hazardous employment, safe play areas for 
children, etc.’ (p.131). However, unlike the previous pathway, these features may not 
necessarily affect all residents in the same way. 
While no literature suggesting that housing type influences tooth decay has been 
identified, the material conditions associated with household ownership do appear to 
have an impact. Nicolau et al. (2005) have highlighted the importance of material 
circumstances to oral health, including variables such as inside toilets, household 
construction material, the availability of piped water, and ownership. Dalstra et al. 
(2005) have stated that home ownership can have a psychosocial impact, through 
feelings of being in control of life, and being able to take pride in one’s home. Thus, a 
lack of feeling of control and pride could lead to a number of psychological stresses. 
Such stresses are also known to be detrimental to general health (Marmot et al, 1991), 
as well as oral health related outcomes (Sanders and Spencer, 2005; Finlayson et al, 
2010). Stressful situations have also been associated with increased tooth decay, with 
biological factors shown to be important (Belstrom et al, 2014), through the stress 
associated with low socioeconomic status (Boyce et al, 2010). 
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The stress of dealing with these issues can lead some to employ certain coping 
mechanisms (Popay et al, 2003), to either alleviate the stress or take them away from 
their problems temporarily. One coping mechanism is smoking, which has been shown 
to be associated with increased stress levels in both adolescents and adults (Kassel et al, 
2003; Ng and Jeffrey, 2003), with financial pressures also showing strong associations 
(Siahpush and Carlin, 2005). Bernabe et al. (2014) found associations between smoking 
and caries; however, these conclusions differ to studies that found no direct links 
(Reibel, 2003; Vellappally et al, 2007). In contrast, other evidence suggests smoking 
could still be considered a risk factor for decay (Axelsson et al, 1998; Reibel, 2003), 
and can lead to teeth being more susceptible to decay (Vellappally et al, 2007). There do 
not seem to be direct links between excess alcohol consumption and tooth decay 
however (Harris et al, 1997). 
Material possessions and circumstances are also likely to reflect financial constraints 
impacting on an individual or a family, and a study conducted by Barker et al. (2008) 
demonstrated that this can have a direct impact on the diet of certain groups and 
individuals, limiting the types of foods that can be purchased (Fonseca, 2012). This 
includes fresher, healthier and ultimately more perishable items, which are sometimes 
avoided due to the risk of wastage. Frozen and ready meals often provide a more cost-
effective alternative. The diet an individual has can have an impact upon their oral 
health through the excess intake of certain foods. Diets rich in sugar, in particular fizzy 
drinks, are shown to have a detrimental effect on teeth, with increasing caries levels 
being the most common concern (Burt et al, 2006). Such patterns are known to be more 
prominent among lower income groups (Burt et al, 2006; Warren et al, 2009). A lack of 
healthy and nutritious food is also detrimental to oral health, and lower intake of 
essential vitamins has also been shown to be associated with low income groups 
(National Diet and Nutrition Survey, 2014). Research has shown that undernourishment 
can lead to children in particular being more susceptible to tooth decay (Moynihan and 
Petersen, 2004; Sheiham, 2006). 
Financial constraints also have the potential to indirectly impact on dental knowledge. 
As highlighted in Section 2.5, those living under greater financial constraints or in 
deprived areas are likely to have a lower overall dental knowledge than those from less 
deprived backgrounds. Williams et al. (2002) demonstrated this in their study when 
confirming that ‘parents from Asian families, those living in deprived areas and parents 
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who have had no further education all had less chance of having high levels of dental 
knowledge and positive dental attitudes’ (p.653). Higher levels of dental knowledge 
have been shown to be beneficial with regard to caries levels in children, as ‘parents 
with a positive dental attitude and better dental knowledge will probably build up better 
oral health habits in their children and look after the children’s oral health’ (Chu et al, 
1999 - p.619). Work by Sabbah et al. (2009) and Singh et al. (2013) has also shown 
socio-economic and educational gradients in oral health related behaviours in adults in 
the USA and UK.  
No literature on the play environment and its potential impact on tooth decay or 
inequalities in decay was found. It may be that these environments are more likely to be 
associated with other oral health outcomes such as dental trauma (Moyses et al, 2006: 
Harris et al, 2007; Moyses et al, 2008; Carvalho et al, 2010), but is an area that remains 
relatively underexplored. Studies of the work environment are also less common, with 
many including socio-economic status or an occupation based variable to represent an 
individual’s ‘work’, rather than the setting in which the work takes place. One study 
focusing on work related stress found this to be related to periodontal disease rather 
than tooth decay (Marcenes and Sheiham, 1992). The above literature was mapped onto 
the second pathway which is shown in Figure 4. The variables in the boxes marked with 
dashed lines are those that either had to be removed due to a lack of data, or changed 
due to available data.
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Figure 4 – Pathway 2: pathways for the ‘Availability of healthy environments at home, work and play’ 
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Firstly, it is important to address the two variables in the dashed boxes, ‘diet’ and 
‘undernourishment’. Diet was originally intended to be represented by data on the 
number of servings of fruit and vegetables eaten each day from the Understanding 
Society dataset, however as previously stated, technical difficulties in combining two 
survey datasets meant this was not possible. Diet was therefore replaced with the 
‘ncakes’ variable from the ADHS, representing the number of cakes eaten per week. 
While perhaps not as good an indicator of diet as fruit and vegetable consumption it 
nevertheless acts as a proxy for diet. Unfortunately, dietary based variables are 
relatively limited within the ADHS, and no suitable proxy for undernourishment was 
found. This part of the pathway was therefore removed as it could not be 
operationalised. Diet was therefore still included in the simulation, just in a more 
truncated form. This represents the type of compromise that has to be met when 
undertaking an analytical approach to theoretical pathways such as in this research.  
Within the data tables for each pathway the neighbourhood level variable will be 
presented first (or in the first few rows where there are multiple of these), before 
moving on to the data from the ADHS. Where possible the neighbourhood level 
variables were not meant to be divisible to individual level characteristics (Pickett and 
Pearl, 2001; Cummins et al, 2005), or essentially the whole pathway would represent 
individual characteristics in some form, and not those of the neighbourhoods they live 
in. The neighbourhood based indicator for the second pathway was the median house 
price for MSOAs in Sheffield (c8,500 people), which was used to act as a 
neighbourhood level indicator of material circumstances (Table 4). Previous studies 
have indicated that house prices may act as a good indicator of material circumstances 
in different areas (Nkosi et al, 2011). The Joseph Rowntree Foundation have also 
commented that ‘among those who have housing and are not homeless, housing costs 
constitute the most important and most direct impact of housing on poverty and material 
deprivation’ (Tunstall et al, 2013 - p.33).  
The Adult Dental Health Survey provided adequate data coverage for all eight of the 
individual based variables in the second pathway, or variables that can at least act as 
proxies. Financial constraints were represented by whether an individual had to delay 
treatment due to cost, while knowledge resources was represented by whether an 
individual used other dental hygiene products beyond tooth brushing (i.e. other sources 
of fluoride, or flossing). Purchasing power, in a similar fashion to financial constraints, 
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was represented by whether the cost of a certain type of treatment affected an 
individual’s choice to undergo treatment. Psychological issues were represented by how 
often in general an individual had felt psychologically tense, and while ideally a 
psychological variable related to resources or income would have been preferable, this 
variable represented one of the few stress based questions in the ADHS.  
Coping mechanisms were represented by a variable enquiring as to whether the survey 
participant had ever been given advice on quitting smoking. While a variable on the 
frequency of smoking would have been preferable, the lack of smoking variables in the 
ADHS meant this was not possible. The variable used to represent smoking was thought 
to be preferable to the ‘DVSMOKE’ indicator (‘smoking status’), as simply being a 
current smoker would not necessarily indicate a problem with smoking explicitly, 
whereas having to get advice about quitting would seem more likely to. While this 
choice is to some degree based around assumptions, it is also based around finding 
variables that are as logical as possible to represent the pathway variables from the data 
available. Sugar consumption was far easier to represent through the use of the 
‘highsug’ variable, classified as ‘high’ or ‘not high’ sugar intake. While more scales in 
this variable would have been preferable, it is a highly relevant variable to map onto this 
construct. Finally, preferential health habits were represented by general dental 
attendance, which related not to exact frequencies of visiting (i.e. ‘every six months’, 
‘once a year’, ‘once every two years’), but rather the more general approach taken by 
individuals to attendance (i.e. ‘regularly’, ‘only when symptomatic’). These variables 
can be seen in Table 4. 
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Table 4 – Variables for the ‘availability of healthy environments at home, work and 
play’ pathway 
Pathway 
Pathway 
variable 
Data/source 
Present vs 
missing values 
2 
Material 
circumstances 
‘House Price Statistics for Small 
Areas, 2013’ – Neighbourhood 
Statistics (MSOA) 
N/A 
Financial 
constraints 
‘Whether had to delay dental 
care/treatment because of cost’ 
(ADHS) 
11370-10 
Knowledge 
resources 
‘Use other dental hygiene 
products’ (ADHS) 
11289-91 
Purchasing power 
‘Whether cost affected type of 
dental care/treatment’ (ADHS) 
11337-43 
Psychosocial 
issues 
‘Psychological discomfort – self 
tense’ (ADHS) 
11378-2 
Coping 
mechanisms 
‘Ever been given advice on 
giving up smoking’ (ADHS) 
10774-606 
Diet ‘How often eat cakes’ (ADHS) 11378-1 
Sugar 
consumption 
‘(D) high sugar intake – version 
5’ (ADHS) 
11377-3 
Preferential 
health habits 
‘General dental attendance’ 
(ADHS) 
11342-38 
 
Pathway three – Services provided, publicly or privately to support people 
in their daily lives 
Education, transportation systems, street cleaning and lighting, police services, health 
services and welfare services are all given as primary examples of the main features of 
this pathway by Macintyre and colleagues. From the literature surrounding inequalities 
in tooth decay so far it would seem that there are four main services that are relevant to 
this pathway that influence oral health inequalities – education, employment 
opportunities, shops and supermarkets, and dental services. 
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Even in childhood, education levels have been shown to be associated with dmft levels 
through linguistic, English and maths scores (Muirhead and Marcenes, 2004), and this 
effect has been shown to continue into adulthood (Brennan et al, 2007; Mamai-Homata 
et al, 2012). Conversely, inequalities in tooth decay can also have an adverse effect on 
educational levels, as Sheiham (2006) reported that time spent away from the classroom 
dealing with oral health issues and restricted activity can reduce a child’s ability to 
learn. Education is likely to have a large influence on future prospects, in particular 
employment opportunities available to individuals, and as a result associated factors 
such as income earned in adulthood (Kuh and Wadsworth, 1991). Such processes will 
likely impact upon a range of lifestyle factors, and opportunities.  
Indeed, a systematic review by Costa et al. (2012) revealed that occupations of higher 
social standing were linked to lower levels of decay. The importance of employment to 
tooth decay is echoed by Roberts-Thomson and Stewart (2008), who demonstrated that 
unemployment was a risk factor for decayed surfaces, while welfare receipt was a risk 
factor for total caries experience. Tellez et al. (2006) have also found a link between 
unemployment and higher levels of tooth decay. Through processes such as education 
and employment, individuals and families can be set on detrimental life course 
trajectories. The importance of life trajectories in relation to oral health have been well 
established by studies such as Thomson et al. (2004), and Poulton et al. (2002). Both 
education and employment are also highly correlated with income levels, which in turn 
have been shown to be important for tooth decay levels (Celeste et al, 2009; Geyer et al, 
2010). Unemployment has also associated with less beneficial oral health related 
behaviours (Al-Sudani et al, 2016), but due to this being included in Pathway 2 it was 
not repeated, as it may have given undue influence to this interaction in the simulation 
modelling.  
Education has also been shown to affect oral health through dental knowledge and 
subsequent behaviours associated with this. Williams et al. (2002) demonstrated that 
parents from deprived backgrounds who had lower levels of education were less likely 
to have high levels of dental knowledge. Similar patterns were found by Chu et al. 
(1999) in Hong Kong. Education has subsequently been linked to oral health related 
behaviours, with poorer oral health habits being more common among those with lower 
levels of education, and those from more deprived backgrounds (Sabbah et al, 2009).  
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A third relevant theme is the presence of food types in neighbourhoods. The work of 
Barker et al. (2008) demonstrates the importance of food availability to individuals and 
families in particular, while oral health focused studies have drawn similar conclusions, 
and emphasised the importance of the availability of such items within the local 
environment. Mobley et al. (2009) suggest that areas classified as being of lower socio-
economic status are more likely to be served by stores ‘offering high-energy, low-
nutrient–dense foods’ (p.412), rather than healthy produce such as fruits and vegetables. 
Lower nutrient intake has been shown to be detrimental to oral health (Moynihan and 
Petersen, 2004). This point is echoed by Fonseca’s (2012) review of the evidence 
surrounding childhood development and oral health, which stated that lower income 
areas tended to have fewer chain supermarkets. This limits the amount, and types of 
produce available in these areas, which tend to be located further from shops with more 
varied resources. Compounding matters, these resources are inevitably more expensive. 
A fourth consideration is the presence of dental services. While dental services may be 
present within neighbourhoods, the literature has shown differences in the usage of such 
services, often differentiated by socio-economic status. Eckersley and Blinkhorn (2001) 
demonstrated that parents of children from more deprived backgrounds were less likely 
to take their child to a dentist regularly, and more likely to attend when symptomatic. 
Evidence also points to a potential uneven distribution of dental services between areas, 
pertaining to Hart’s inverse care law (1971). Jones (2001) supports this claim through 
their study of child dentist registrations and deprivation scores, while older accounts 
point to historic disparities in service distribution (Cook and Walker, 1967). Landes and 
Jardin (2010) note that up until the dental contract changes of 2006, practices could set 
up where they wished. Their study in County Durham demonstrated that a higher 
proportion of the deprived community accessed practices in deprived areas, which also 
tended to be smaller in size. However, the work of Macintyre and colleagues (2008) 
found contrary evidence in their study of resource and facility distribution in Glasgow, 
finding that dental practices were not patterned by deprivation. Aida et al. (2008) also 
showed that the number of dentists was not significantly associated with dmft scores. 
Thus while the evidence for the importance of the presence of these services is not 
universal, it would seem that either a lack of access to services, or negative attitudes 
towards regular attendance can contribute to unequal attendance rates between different 
groups. Figure 5 visually represents the pathways associated with this literature.  
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Figure 5 – Pathway 3: pathways for the ‘Services provided, publicly or privately to support people in their daily lives’ 
 
 
 
 
 
 
 
 
  
 
‘Services provided, 
publicly or privately to 
support people in their 
daily lives’ 
Education 
(Qualifications) 
Social hierarchy position 
(Income, opportunities 
and social mobility) 
Dental service usage 
(Knowledge/location of 
services, and attitudes 
to attending) 
Dental knowledge 
(Knowledge of treatments 
and good oral health 
habits) 
Employment 
opportunities 
(Determined 
by education) 
Shops/Supermarkets 
(Range of available 
supermarkets) 
Provision of 
affordable 
nutritional food 
(Range/price of 
nutritional food) 
Health damaging 
behaviours (Poor 
diet, and/or 
inadequate oral 
healthcare) 
Inequalities in tooth 
decay 
Dental knowledge 
(Knowledge of treatments 
and good oral health 
habits) 
91 
 
As with the previous pathway the ‘provision of affordable nutritional food’ variable was 
to be represented by the number of servings of fruit and vegetable each day, however 
again this was not possible due to difficulties in combining the samples from the ADHS 
and US. This was instead replaced with a dietary variable based on sugar consumption, 
as this tied in with the variable for the ‘health damaging behaviours’ construct (sweet 
consumption) that finished the pathway.  
This set of pathways contained the most neighbourhood based indicators of the five 
covered by the framework. Employment was represented by income estimates at the 
MSOA level. While technically an aggregated individual level variable, this data is not 
available at the individual level within the UK, and thus the estimates represent the 
average weekly income for each MSOA. Income is also far too important a variable to 
leave out given its influence, which was demonstrated in the literature. Income was 
chosen over the location of employment opportunities as these would likely be too 
numerous in a large urban area, which may bias the simulation modelling that tested the 
pathways. The location of education facilities and those offering apprenticeships for 
young adults were used to represent education, while shop and supermarket locations 
were geocoded to represent their locations within the city. A similar approach was taken 
for all of the dental surgeries in the city, the locations of which were kindly provided by 
Kate Jones, National Consultant in Dental Public Health at Public Health England. 
Adequate data coverage was provided by the ADHS for the remaining three individual 
level variables. Social hierarchy position was represented using data from the NS-SEC 
classification (National Statistic Socio-economic Classification - Rose and O’Reilly, 
1998), the primary social classification used in the UK. Dental knowledge was 
represented by the level of fluoride intake through toothpastes or other oral dentifrice, 
while health damaging behaviours was represented by the frequency at which the survey 
participants ate sweets. All of the above variables are shown in Table 5. 
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Table 5 – Variables for the ‘services provided, publicly or privately to support people in 
their daily lives’ pathway 
Pathway Pathway variable Data/source 
Present vs 
missing values 
3 
Employment 
Model based 
income estimates 
(MSOA) – 
Neighbourhood 
Statistics 
N/A 
Education 
Location of further 
education providers 
in Sheffield -  
Sheffield City 
Council 
N/A 
Shops/supermarkets 
‘Supermarket 
locations data’ – 
GeoLytix website 
N/A 
Accessibility of 
dentists 
Location of all 
dentists in Sheffield 
-  Public Health 
England 
N/A 
Social hierarchy 
position 
‘NS-SEC – Eight-
class version’ 
(ADHS) 
11380-0 
Dental knowledge 
‘Fluoride level’ (in 
ppm - ADHS) 
11108-272 
Diet/sugar intake 
‘(D) high sugar 
intake – version 5’ 
(ADHS) 
11377-3 
Health damaging 
behaviours 
‘How often eat 
sweets?’ (ADHS) 
11378-2 
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Pathway four - Socio-cultural features of a neighbourhood 
Macintyre and colleagues (2002) described the features of the fourth pathway as 
including ‘the political, economic, ethnic and religious history of a community: norms 
and values, the degree of community integration, levels of crime, incivilities and other 
threats to personal safety, and networks of community support’ (p.131), with a 
particular positive being that it ‘adds an anthropological perspective to the 
socioeconomic, psychological, and epidemiological perspectives often used to examine 
area effects on health’ (p.130). 
Of the factors listed above, two have so far been identified as being relevant within the 
oral health inequalities literature. The first of these is health behaviours, and associated 
attitudes towards such behaviours, which include a number of aspects such as diet and 
disease prevention techniques, and represent norms and values within groups. As 
mentioned in Pathway 2, lower income groups are more likely to have higher sugar 
intake (Warren et al, 2009) and lower levels of nutrient intake which have a protective 
effect on teeth (Moynihan and Peterson, 2004), leading to more fertile conditions for the 
development of dental caries. These health behaviours are not restricted to diet and 
consumption however, as they also relate to practices favourable to good oral health 
such as tooth brushing. Kumar et al. (2016) have shown the importance of tooth 
brushing, with higher numbers of carious lesions associated with infrequent brushing. 
Poutanen et al. (2006) have also demonstrated that parental behaviours tend to influence 
those of their child, particularly with regard to frequent tooth brushing and the use of 
other dentifrice, and that this varied based on the parent’s occupation. Adair et al. 
(2004) found that parental attitudes had a strong influence on oral health behaviours, 
interestingly also reporting that families from more deprived backgrounds felt less able 
to ensure that their child brushed twice a day, or stuck to recommended levels of sugar 
intake.  
These attitudes constitute an important part of the role that health behaviours play in 
producing oral health inequalities. Adair et al. (2004) demonstrated that parental 
attitudes can influence oral health behaviours, and similar findings come from the work 
of Williams et al. (2002) and Chu et al. (1999), who both found that positive dental 
attitudes, as well as an increased level of dental knowledge, were associated with lower 
levels of disease. Interestingly, higher levels of education, and socio-economic status 
were associated with both positive dental attitudes and increased dental knowledge in 
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both studies. Singh et al. (2013) also found education to be important, as social 
gradients in this were present in the clustering of health behaviours. This sentiment is 
echoed in the work of Riley et al. (2006), where education is shown to be key to such 
clustering, with better attitudes to attendance and oral health associated with higher 
levels of education. Sanders et al. (2006) however dispute the idea that poorer adults 
care less about their teeth than those from less deprived backgrounds. While dental 
visiting patterns do follow a social gradient, this work demonstrated that dental self-care 
trends did not, and highlighted wide variations in oral health behaviours. 
With regard to preventative habits, Eckersley and Blinkhorn (2001) found that parents 
from more deprived backgrounds were more likely to change their oral health related 
habits upon receiving advice than those from less deprived backgrounds. The authors 
also found that attitudes played a significant role in dental attendance, demonstrating 
that, as mentioned in relation to Pathway 3, parents from more deprived backgrounds 
were more likely to attend only if symptomatic. Studies such as those carried out by 
Tickle et al. (2003) may suggest that these levels of attendance are important in 
determining other decisions. Their study demonstrated that patients, or those close to 
them, use their previous experiences of dental services to make decisions, based on the 
fact that they had gained confidence in a regularly used treatment. Residents of more 
deprived areas were more likely to opt for treatment based on this idea, while those 
from less deprived areas were happy to rely on the dentist’s opinion (Tickle et al, 2003). 
Dental attendance from an early age has been demonstrated to be important (Listl, 
2012), as it was found that inequalities in regular attendance are established in 
childhood, and persist throughout the life course.  As a result, Listl (2012) states that, 
‘inequalities in later life-years may, thus, be relatively unresponsive to 
contemporaneous health policy interventions’ (p.695).  
Low income groups can face considerable barriers to dental services however (Wallace 
and Macentee, 2012), through their own opinion of dentists, but also through dentist’s 
attitudes to low income groups, private practice and public dental benefits. Additionally, 
numerous studies have found that certain pre-existing socio-economic and demographic 
characteristics, deemed ‘favourable’, are associated with regular dental attendance 
(Guiney et al, 2011), while being male, aged 25-34, or having lone parent or immigrant 
status have all been shown to be predictors of less regular or symptomatic attendance 
(Muirhead et al, 2009). Donaldson et al. (2008) demonstrated the importance of 
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attendance, stating that the socio-economic gradient in the number of sound teeth can 
partially be explained by attendance, which can be influenced by the effects that socio-
economic position has on barriers to such attendance.  
The second factor relevant to oral health inequalities within neighbourhoods is social 
capital, similar to the idea of networks of community support suggested by Macintyre 
and colleagues. Associations between social capital and related concepts have been 
found by a number of authors through social institutions (Tellez et al, 2006), non-
volunteering and mistrust (Aida et al, 2011) and neighbourhood empowerment 
(Santiago et al, 2014). Self-rated oral health has also been associated with personal 
constraints and mastery (similar to personal control and self-efficacy) in those with 
lower incomes (Sanders and Spencer, 2005). Lida and Rozier (2013) have argued that 
social capital is beneficial to oral health as it can help spread knowledge of health 
promotion, as well as the maintenance of healthy behavioural norms. The authors also 
argue that it promotes access to local services and amenities, citing the example of 
shared resources to facilitate children’s visits to the dentist. Finally, they state that social 
capital can also have psychosocial ramifications. As seen in Section 2.5, such 
psychosocial issues can have negative effects through the stress they cause (Boyce et al, 
2010; Finlayson et al, 2010), and through coping mechanisms which may be employed 
to deal with life stresses, such as smoking (Reibel, 2003; Bernabe et al, 2014). Figure 6 
is a visual representation of the pathways associated with the above literature. 
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Figure 6 – Pathway 4: pathways for the ‘Socio-cultural features of a neighbourhood’ 
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As with the previous two pathways, despite being initially included, the Understanding 
Society data on the amount of fruit and vegetables eaten per day had to be excluded 
again for technical reasons. This goes to highlight the potential importance of the 
variable given its appearance in three pathways, and future research should look at ways 
to combine survey samples so as to include this variable.  
Health behaviours were represented by the ‘years of lost life score’ from the IMD 
Health Domain (2015). While referring more to general health than oral health, this 
variable was chosen as poor health choices are likely to shorten life expectancy, and the 
idea of co-morbidities posits that poor oral health may occur alongside the presence of 
other diseases and conditions (Bailey et al, 2004; Chroinin et al, 2016). One issue with 
this variable is that it could be considered aggregated individual level data, however 
data limitations meant that there were no suitable alternatives that were as relevant to 
the concept. Social capital was included through the use of additional IMD data, this 
time the score for the Crime Domain, including information on violence, burglary, theft 
and criminal damage per 1000 residents at the LSOA level (c1,500 people). While there 
are many possible variables that could be used to represent the wide ranging concept of 
social capital, few are publicly available at the small area level. Crime was judged 
appropriate for use as a proxy for community cohesion, and similar measures of social 
disorder such as homicide rate have been used in previous oral health related studies of 
social capital (Pattussi et al, 2001). While social capital can be seen as an individual 
level variable, Santiago et al. (2014) have argued for its use as a neighbourhood level 
indicator, stating that ‘contextual or collective social capital emphasizes the resources 
that can be built collectively by individuals who are socially interconnected aiming to 
achieve collective goals, and has been evaluated and studied both in local levels of 
aggregation, such as neighborhoods, Census tracts or neighborhoods, and in broader 
levels, such as municipalities, states or countries’ (p.17).  
Data coverage from the ADHS for the fourth pathway was adequate to cover the 
remaining individual level constructs. Diet was represented by cake consumption, 
which while perhaps not the most accurate indicator of diet, was selected due to the 
exclusion of the Understanding Society data, leaving a smaller range of diet related 
variables to choose from in the ADHS. This was therefore the most appropriate variable 
available. Tooth brushing habits were represented using data on the frequency at which 
participants brushed their teeth each day, while attendance at dental services was 
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included through a variable on the frequency of visits to the dentist. This differed to the 
dental attendance variable in Pathway 2, as it related to frequency in months and years, 
rather than general habits (i.e. regular check-up or only when symptomatic). Acquired 
dental knowledge was represented by an individual’s fluoride intake, measured in parts 
per million (ppm), with a higher score being preferable. Healthy behavioural norms 
were represented by the ‘general dental attendance’ variable, and is the only time a 
variable was used twice for different concepts, having also been used for the 
‘preferential health habits’ in Pathway 2. This goes to show the difficulties of 
populating a framework from one data source. It should also be pointed out that this 
differs to the attendance variable used for the ‘attendance at dental services’ construct 
(mentioned above), and that the same variable has not been used twice in the same 
pathway. As with Pathway 2, psychological issues were represented by how often in 
general an individual had felt psychologically tense, while sugar consumption was again 
measured using the ‘highsug’ sugar consumption variable. Finally, coping mechanisms 
was again represented using data on advice about giving up smoking. Details of these 
variables are shown in Table 6. 
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Table 6 – Variables for the ‘socio-cultural features of a neighbourhood’ pathway 
Pathway 
Pathway 
variable 
Data/source 
Present vs 
missing values 
4 
Health behaviours 
IMD Health Domain 
(2015) – Years of 
potential life lost 
(LSOA) 
N/A 
Social capital 
IMD Crime Domain 
(2015) – contains 
violence, burglary, theft 
and criminal damage per 
1000 (LSOA) 
N/A 
Diet 
‘How often eat cakes’ 
(ADHS) 
11378-1 
Tooth brushing 
habits 
‘(D) number of times 
brush teeth per day - 3 
groups’ (ADHS) 
10538-842 
Attendance at 
dental services 
‘How often do you go to 
the dentist’ (ADHS) 
11172-208 
Dental knowledge 
‘Fluoride level’ (in ppm 
- ADHS) 
11108-272 
Healthy 
behavioural 
norms 
‘General dental 
attendance’ (ADHS) 
11342-38 
Psychological 
issues 
‘Psychological 
discomfort – self tense’ 
(ADHS) 
11378-2 
Sugar 
consumption 
‘(D) high sugar intake – 
version 5’ (ADHS) 
11377-3 
Coping 
mechanisms 
‘Ever been given advice 
on giving up smoking’ 
(ADHS) 
10774-606 
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Pathway five – The reputation of an area 
The fifth pathway looked at how an area’s reputation can influence the decisions of 
planners, amenity providers and potential investors to locate in an area (or not), thus 
affecting local infrastructure. An area’s reputation may also influence the morale of 
those who live there, as well as who moves in or out.  
The initial set up of services in an area is an important consideration in this regard, and 
in relation to oral health perhaps the most important of these theoretically is the 
location, or lack thereof, of dentists (both NHS and private) within a given area. Lang et 
al. (2008) for example have stated that ‘capitation systems may make deprived 
neighbourhoods unattractive settings for dentists’ (p.477). Landes and Jardin (2010) 
would seem to add to the evidence of inequalities in the distribution of dental services 
by area deprivation, additionally stating that up until 2006 dental practices could locate 
wherever they wished. Other studies have pointed to the uneven distribution of dental 
services (Cook and Walker, 1967; Jones, 2001) based on socio-economic status, 
although it should be noted that not all studies found this to be the case (Macintyre et al, 
2008). It would seem, however, that the presence of dental services within an area could 
provide more people with the opportunity to improve their oral health, perhaps through 
acquiring increased knowledge on attendance and preferential oral health behaviours 
(Tickle et al, 2003; Hill et al, 2013). As mentioned in relation to Pathway 3, there also 
seem to be inequalities in the distribution of different types of dental services (e.g. NHS 
or private), as several studies have identified problems in registering for NHS dental 
care in the south of England, possibly due to the rise in private dentistry in this region 
(Hancock et al, 1999; McGrath et al, 2001).  
The dynamics of neighbourhood residential mobility and turnover, and the effects of 
neighbourhood based self-esteem in relation to dental outcomes do not appear to be 
covered within the literature, while there is also little theory as to how the actions of 
planners and amenity providers impact on oral health beyond the distribution of dental 
services. These are areas that would benefit from future research. Figure 7 represents 
the literature in this pathway visually.
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Figure 7 – Pathway 5: pathways for ‘The reputation of an area’ 
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This pathway only contained three variables in total, one of which was the locational 
data of the dental surgeries used in Pathway 3. Data coverage from the ADHS was not 
an issue for the remaining two variables. Data for inequalities in access was represented 
by a variable which questioned how participants rated access to their local dental 
surgeries, while acquired dental knowledge was again represented by the level of 
fluoride intake per participant in parts per million (ppm). These data are presented in 
Table 7. 
Table 7 – Variables for ‘The reputation of an area’ pathway 
Pathway Pathway variable Data/source 
Present vs 
missing values 
5 
Accessibility of 
dentists 
Location of all 
dentists in Sheffield 
-  Public Health 
England 
N/A 
Inequalities in 
access 
‘Rate access 
includes dk’s’ 
(ADHS) 
11195-185 
Acquired dental 
knowledge 
‘Ever been given 
advice about 
frequency of visits’ 
(ADHS) 
11153-227 
 
3.6. Conclusions 
The operationalising of the pathways inspired by the framework of Macintyre and 
colleagues (2002) was a key process, as the data attached to these were used to help 
represent the pathways in the agent-based models used in this research. These, in turn, 
tested the theory presented in this chapter. As Chapter 4 will demonstrate, the individual 
level data from the Adult Dental Health Survey were included in a spatial 
microsimulation model, which created representative individual level data for Sheffield, 
complete with associated characteristics and variables from the pathways. This, along 
with the neighbourhood based data, formed the basis of the agent-based models, 
representing the types of people that live in particular neighbourhoods, as well as the 
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features and characteristics they would encounter and live with in everyday life. Chapter 
4 will outline the process behind the spatial microsimulation modelling, before Chapter 
5 describes the creation of the agent-based models. 
 
This chapter, and the introduction of the main theoretical framework used in this 
research, helped to address the first of the research objectives for this thesis, set out in 
Section 1.2.  
 To identify theoretical pathways by which neighbourhoods influence tooth 
decay 
The coupling of the literature on tooth decay with that from the wider oral health 
inequalities field, and health inequalities more generally, with an organising framework 
allowed for a clearer idea of the main pathways associated with the effects of 
neighbourhood environments on tooth decay. The operationalisation of these pathways 
also aided the empirical work that will be covered in Chapters 4 and 5, providing real 
world data which could be used in the simulation modelling. 
Overall, this chapter has demonstrated how the application of a neighbourhood based 
theoretical framework to the literature on tooth decay can help to create testable 
pathways by which the neighbourhoods people live in may influence this outcome. 
Despite some concerns around the operationalisation of some of the theoretical 
constructs, this process created a clearer picture of the potentially important interactions 
taking place. The flexibility of the theoretical framework is a positive as it means that 
such work can be replicated for other oral health outcomes, and health outcomes in 
general, while its wide ranging concepts allow for a comprehensive approach to 
neighbourhood based interactions between individuals, groups and their environments. 
There were a number of limitations noted throughout the chapter, including the 
construction of some of the pathways, and issues with operationalisation. These will be 
discussed in further detail in Chapter 6. 
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Chapter 4 – Spatial microsimulation modelling 
 
‘Inequality is the cause of all local movements’ (Leonardo Da Vinci – 1452-1519) 
 
4.1. Introduction 
As mentioned in Section 2.3, spatial microsimulation is concerned with the creation of 
simulated population microdata sets at the small area level. The need for a technique 
such as this arises due to population microdata not being widely available in the UK. 
Even where such datasets do exist, such as the Sample of Anonymised Records (UK 
Data Service, 2011a) which consist of Census microdata, these are restricted to small 
samples and are not available at the small area level. Issues of cost and confidentiality 
are the key reasons for this. National level representative surveys could be considered a 
form of microdata, however such data is often only collected or available at large 
geographical scales. This lack of available data makes spatial microsimulation a 
valuable method for this research, where a representative synthetic population is 
required to test the effects of theoretical pathways, and form the basis of the agent-based 
models that will do this.  
 
4.2. Which spatial microsimulation method? 
Also highlighted in Section 2.3 was the number of different types of spatial 
microsimulation methods, which included probabilistic techniques such as simulated 
annealing (SA) and combinatorial optimisation (CO), as well as deterministic 
techniques such as iterative proportional fitting (IPF). Tanton (2014) has stated that 
spatial microsimulation techniques could broadly be categorised as those that select 
individuals from microdata to fill geographical areas, and those that adjust the original 
weights of the microdata files. Probabilistic methods such as combinatorial optimisation 
are an example of the former, and work iteratively by selecting random samples of 
households or individuals from the microdata, before assessing the effects of replacing 
one individual or household on the overall error. If this move improves the error the 
change is accepted and the next iteration begins, otherwise another household or 
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individual is selected to replace it. This process repeats iteratively with the aim of 
improving the overall fit. An example of this is the ‘hill climbing’ approach, which, 
despite its speed, also has drawbacks in that it ‘can quickly become trapped in 
suboptimal solutions’ (Williamson et al, 1998 - p.794). Simulated annealing is another 
version of the CO approach, which (unlike the hill climbing approach) allows the 
algorithm at the heart of the method ‘to climb down from sub-optimal solutions by 
allowing changes to the combination being optimised even if they make the solution 
worse’ (Tanton, 2014 - p.10), essentially allowing it to take backward steps in the 
optimisation of the overall model fit.  
Deterministic approaches such as IPF are examples of the latter type of model depicted 
by Tanton (2014), and are typically used where there is no access to suitable small area 
microdata (Birkin and Clarke, 1988). Norman (1999) describes IPF as a reweighting 
mechanism that adjusts (or re-weights) a table of data to fit row and column constraints 
through iterative calculations. This method will be described in greater detail later in 
this chapter. Dynamic spatial microsimulation models form a third category, which can 
take the form of probabilistic models (such as Monte Carlo simulations) which project 
individuals in the simulated dataset into the future using event probabilities, or implicit 
models which make use of small area projections before applying static spatial 
microsimulation methods to create the future microdata (Ballas et al, 2005a). However, 
as agent-based modelling was used to dynamically simulate populations in this research 
dynamic spatial microsimulation models were not considered for use.  
Due to the different approaches of the above methods, there has been debate about 
which of the static spatial microsimulation approaches is the more preferable technique. 
For example, Williamson et al. (1998) have demonstrated that SA showed greater 
accuracy than hill climbing approaches. Further, Williamson (2013) has shown that 
probabilistic techniques including CO have tended to produce estimates with less bias 
and variance than deterministic models, while Harland et al. (2012) found SA 
constrained outcomes more accurately than deterministic approaches. However, Tanton 
et al. (2014) found no appreciable differences between CO and deterministic 
approaches. Harland et al. (2012) have also acknowledged that each approach has 
different strengths, and can be useful depending on the nature of the project at hand. 
With this in mind, IPF was chosen as the preferred method for this research. Despite the 
potential advantages of the other approaches with regards to accuracy, the deterministic 
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nature of IPF means that consistent results are produced each time the model is run 
(Ballas et al, 2005c), as opposed to probabilistic models where the results of different 
runs can vary, and sometimes require optimisation techniques.  
IPF is essentially a reweighting process which is carried out through the use of 
‘constraint variables’. Constraints are variables that the existing microdata (more than 
likely national level survey data) are reweighted against. These usually come in the 
form of aggregated Census totals for small areas. The IPF technique uses the constraint 
variables as a guide when reweighting microdata, in a process where individuals and 
their associated characteristics are ‘weighted up’, or replicated, depending on how 
representative they are of the characteristics of a given area. A basic example of the 
principle behind the IPF process is demonstrated below in Figure 8 (Hunsinger, 2008).  
The table on the left represents the microdata before the IPF procedure, and the table on 
the right after. The column and row totals (or marginal totals) around the edge of the 
table represent the Census population totals, while the data in the table represent 
individuals. It can be seen that the individual in the top left corner of the first table 
(represented with a 1) has been reweighted to 1.51 in the second table, indicating this 
individual is more representative of the characteristics of the area in question, and has 
been ‘weighted up’. Conversely the individual in the bottom left corner of the table has 
been weighted down (from 6 to 5.28), indicating that their characteristics do not match 
up as well to those of the area as a whole. This process continues iteratively, with the 
goal of bringing the individual level data further in line with the Census constraints after 
each iteration. Essentially, the technique is allocating, or replicating, individuals from 
the survey data to geographical areas where their characteristics are a good match. A 
worked example is provided in the next section. 
Figure 8 – The iterative proportional fitting (IPF) process (Hunsinger, 2008) 
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4.3. A worked example of the IPF technique 
The equation presented below from Ballas et al. (2005a) is provided to give a basic 
demonstration of the IPF process (see Equation 1). 
Equation 1 - IPF formula 
ni = wi × sij/mij 
As stated in Section 4.2, IPF is a reweighting technique which adjusts survey data to 
match Census population totals. Equation 1 represents the basic mathematics behind 
this, where ni is the new weight created for an individual, wi is the initial weight of an 
individual, sij is element ij of table s (small area Census data), while mij is element ij of 
table m (the survey data). 
Table 8 – Hypothetical survey data 
Individual Education Cars/vans owned Initial weight 
Individual 1 Other qualification 
2 cars or vans in 
household 
1 
Individual 2 Degree or higher 
2 cars or vans in 
household 
1 
Individual 3 Degree or higher 
1 car or van in 
household 
1 
Individual 4 Other qualification 
2 cars or vans in 
household 
1 
Individual 5 Other qualification 
1 car or van in 
household 
1 
 
Table 9 – Hypothetical small area Census data 
 Degree or higher Other qualification 
1 car or van in household 5 1 
2 cars or vans in 
household 
6 4 
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Table 10 – Survey data in cross-tabulated format 
 Degree or higher Other qualification 
1 car or van in household 1 1 
2 cars or vans in 
household 
1 2 
 
Table 8 represents the survey data, while Table 9 represents the small area data from the 
Census, and Table 10 the survey data in a cross-tabulated format. Looking at the 
population without degrees and with two cars (or vans), it can be seen that there are two 
such individuals in the survey data (individuals 1 and 4 - see Table 10), while there are 
four individuals with these characteristics in the Census data (See Table 9). Thus, by 
applying the formula listed above (see Equation 1), the original (or initial) weight (1) is 
multiplied by the total from the Census (4), over the total from the survey (2). This can 
be seen in the first line of Table 11, and leaves those without degrees and with two cars 
with a new weighting of 2. Other combinations of education and car ownership have 
also been calculated as further examples. 
Table 11 – Reweighting the survey data 
Individual Education 
Car 
ownership 
Weight New weight 
Individual 1 
Other 
qualification 
2 cars or vans 
in household 
1 1 x 4/2 = 2 
Individual 2 
Degree or 
higher 
2 cars or vans 
in household 
1 1 x 6/1 = 6 
Individual 3 
Degree or 
higher 
1 car or van in 
household 
1 1 x 5/1 = 5 
Individual 4 
Other 
qualification 
2 cars or vans 
in household 
1 1 x 4/2 = 2 
Individual 5 
Other 
qualification 
1 car or van in 
household 
1 1 x 1/1 = 1 
 
This is a simplified example of the process that IPF uses to reweight individuals from 
the survey data. Essentially the process could be thought of as weighting individuals up 
or down depending on how representative their characteristics are for a given area. 
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Those without degrees and with two cars or vans have a new weight of two, indicating 
that they are more representative than their initial weighting of ‘1’ suggested, while also 
being less representative of this area’s population characteristics than those with degrees 
who own two cars, whose weight increased to six. This process then loops through the 
rest of the constraints in order, continuing the process and multiplying the new weight 
by the one produced in the previous stage. The process then loops back to the first 
constraint and begins the IPF process again (depending on the number of assigned 
iterations). The above data represent a hypothetical scenario with a small number of 
individuals. Details and discussion on how to run a full IPF model on a larger sample of 
individuals, with additional constraint variables will be covered in Section 4.5.  
 
4.4. Data sources 
IPF requires two sources of data, the first being an existing source of microdata that can 
then be reweighted to fit the characteristics of small areas geographies. In line with the 
operationalising of the theoretical pathways, the Adult Dental Health Survey (2009) was 
chosen as the main source of microdata used in this analysis. The comprehensiveness of 
this survey has been described in Section 3.4, leaving it as the obvious choice for this 
research. The second source of data (used for the constraint variables) was the 2011 
Census of Population for England and Wales (Office for National Statistics, 2011a). 
The Census of Population is a decennial survey of the whole of England and Wales that 
was first conducted in 1801, and is the most complete source of demographic 
information available about these countries (separate Census’ are conducted for 
Scotland and Northern Ireland). Census data is readily and freely available online 
(Neighbourhood Statistics, 2011; NOMIS, 2011), and at a variety of spatial scales, 
making it an invaluable and flexible tool for research. It should be noted that the 
Neighbourhood Statistics (2011) website has been shut down since this thesis was 
finished. 
For the purposes of this research, the constraint data were collected at the Lower Layer 
Super Output Area level (LSOA). LSOAs are statistical geographical units (Office for 
National Statistics, 2011b) designed to improve research at the small area level through 
their consistent unit size, and have an average population of 1,614 per LSOA (an 
average of 672 households). As of the 2011 Census, the city of Sheffield was made up 
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of 345 of these spatial units. This geographical level was chosen based on ideas taken 
from the theoretical work presented in Chapter 2. Certain studies made reference to the 
way that people saw their neighbourhoods as their immediate surroundings (Haynes et 
al, 2007), rather than larger administrative areas, which were shown to be less predictive 
of neighbourhood based trends (Pampalon et al, 1999). These areas were therefore seen 
to represent smaller neighbourhood boundaries, while also being large enough to 
potentially include a number of local services. Middle Layer Super Output Areas 
(MSOAs) were also considered, but with an average of 7,787 people per unit (3,245 
households), and with 76 of these areas in Sheffield, these geographical units were 
considered too large. Conversely, output areas (the smallest geographical scale at which 
Census data is published), which are aggregated to create LSOAs, contain on average 
309 people (129 households) per OA. With Sheffield consisting of 1,817 of these units, 
these were considered too small for the purposes of this research. A visual comparison 
of the boundaries of these Census geographies is provided in Figures 9 (OAs), 10 
(LSOAs) and 11 (MSOAs). These data were collected from the UK Data Archive’s 
Census boundary data collection (UK Data Service, 2011b).  
Figure 9: Output Areas (OAs) within Sheffield 
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Figure 10: Lower Layer Super Output Areas (LSOAs) within Sheffield  
 
Figure 11: Middle Layer Super Output Areas (MSOAs) within Sheffield 
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4.4.1. Choice of constraint variables 
A key requirement when choosing the constraints is that the variables of choice are 
present in both the Census and survey datasets, and are comparable in some way. It may 
be that the data from both sources are directly comparable due to the way they have 
been collected, or that data manipulation may be required to re-categorise the two 
datasets so that they match. With regard to the ADHS, the following variables fulfilled 
the above criteria: 
 Household size (‘DVHsize’) 
 Sex (‘Sex’) 
 Marital status (‘xMarSta2’).  
 Age structure (‘ageband5’) 
 General health (‘QHealth1’) 
 Car ownership (‘Car’) 
 Educational attainment (any educational qualification – ‘EdAttn1’) 
 Educational attainment (degree level or below – ‘EdAttn3’) 
 NS-Sec (‘NS-SEC8’) 
 Ethnicity (‘ethnicg’) 
Variables for tenure type (‘Hhldr’), and long term illness (‘LSIll’) were present in the 
study, however the way they had been categorised and labelled meant that they could 
not be matched up to the corresponding Census data.  
Household size refers to the number of household members present within the dwelling 
at the time of the survey. The sex variable was dichotomised as male or female, while 
the age data was split into 8 age bands, with 10 year intervals per band. Age data split 
into 3, 4, 5, 6 and 7 bands were also available, however the 8 band classification was 
chosen as this allowed for a more specific age grouping to be given to each member of 
the population. The general health data refers to self-reported general health, recorded 
on a five point Likert scale (ranging from ‘very good’ to ‘very bad’). Car ownership was 
a dichotomous variable relating to whether a household owns a car/van or not. Unlike 
the Census data, the exact number of cars and/or vans that were owned was not 
included. The two educational attainment variables contained data on whether 
participants had educational qualifications or not (EdAttn1), and whether participants 
held a degree level qualification or not (EdAttn3). In the end it was decided ‘EdAttn3’ 
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would be the more appropriate variable to use. This assumption was made on the basis 
that degree vs non-degree would offer a better differentiation within the population than 
looking at those with and without any qualifications. Therefore, ‘EdAttn1’ was dropped 
from the analysis. The NS-SEC data was split into 9 social classifications, having 
replaced previous versions based on social class and socio-economic position. Finally, 
the ethnicity variable asked participants to identify their respective grouped ethnicity. 
Within the spatial microsimulation literature there seems to be no consensus on how to 
decide on a final set of constraint variables, with some advocating a statistical approach 
(Anderson, 2007), while other posit that a theoretical approach is the most appropriate 
(Smith et al, 2007). In this research it was decided that a combination of both theoretical 
and statistical approaches would be used, by first testing the significance of all of the 
available variables, before assessing the theoretical links between those that remained 
significant and tooth decay. For the statistical analysis the r-squared statistics for each 
of the significant variables were used to list the variables in reverse order (i.e. smallest 
r-squared value appearing first, the largest appearing last) to reflect the order in which 
the constraint variables would be applied in the microsimulation. It is generally 
accepted that applying the most influential variable last is the best approach (Anderson, 
2007). The results of the statistical analysis can be seen in Table 12 below. 
Table 12 - Statistical testing of the potential constraint variables 
Variable p-value R2 value 
Household size 0.001965 0.003042 
Sex 0.00000000553 0.006107 
Age 0.00122 0.003123 
Marital status 0.00000000284 0.008043 
Health <0.0000000000000002 0.01401 
Car ownership <0.0000000000000002 0.02202 
Educational attainment 0.0000000000519 0.007788 
NS-SEC 0.0000000000000768 0.01311 
Ethnicity 0.0727 0.0004122 
 
The statistical analysis showed that the ‘ethnicity’ variable was not significant, and was 
therefore excluded from the analysis. Despite their statistical significance, marital status 
and household size are not theoretically linked to tooth decay, and so were both 
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excluded from the analysis as well. Regarding the latter, within the oral health literature 
a number of studies have indicated that household overcrowding may be associated with 
tooth decay (Antunes et al, 200; Antunes et al, 2002; Pereira et al, 2010), however the 
number of people in a household is not necessarily the same as overcrowding. This left 
the following set of six constraint variables, which are listed below in reverse order 
according to their R2 values, the order in which they were applied in the model. 
 Age structure (‘ageband5’) 
 Sex (‘Sex’) 
 Educational attainment (degree level or below – ‘EdAttn3’) 
 NS-SEC (‘NS-SEC8’) 
 General health (‘QHealth1’) 
 Car ownership (‘Car’) 
Age has been shown to be important for tooth decay up until the age of 50, when tooth 
loss is more of a problem (Steele et al, 2015) and perhaps has the weakest theoretical 
linked with tooth decay of the six constraints. However, as a strong demographic 
indicator this variable would likely help to constrain the model more accurately. The 
rest of the variables all have theoretical as well as statistical links with tooth decay. 
Differences in sex (or gender) have clearly been demonstrated between males and 
females, with females tending to have higher levels of decay (Lukacs and Largaespadad, 
2006) despite having better oral health related behaviours overall (Bertea et al, 2007). 
Tooth decay has also been strongly linked to educational attainment (Brennan et al, 
2007; Momai-Homata et al, 2012), as well as employment (Roberts-Thomson and 
Stewart, 2008; Costa et al, 2012) and socio-economic position (Hobdell et al, 2003; 
Schwendicke et al, 2015) which are perhaps the closest concepts to the NS-SEC 
classification. Oral health outcomes are also associated with more general health 
outcomes (Bailey et al, 2004; Chroinin et al, 2016), so using a (self-reported) measure 
of general health seems appropriate in this case. Finally, material circumstances have 
also been linked to tooth decay (Nicolau et al, 2005), as well as with oral cancers 
through the Townsend Index (O’Hanlon et al, 1997) which uses car ownership as a 
constituent variable. The use of car ownership as a constraint variable therefore fits 
within the remit of the dental literature. 
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4.4.2. Data transformation 
Having decided on the constraint variables, data transformation was required for the 
Census data on car/van ownership and the NS-SEC classification, due to the mismatch 
between the data classification in the Census and the ADHS. The data for car (and van) 
ownership was presented as a binary (‘yes’, ‘no’) variable in the ADHS, whereas a 
count was recorded within the Census. Regarding the NS-SEC data, the counts 
associated with these did not always match up to the area’s Census population totals, 
due to some individuals being included in a ‘not classified’ category.  Constraint 
variables must match up to the area’s population totals or the sums in the IPF process 
will not work. Thus manipulation of the NS-SEC data was needed to solve this. 
Initial data for the car/van variable was created by combining the columns of data from 
the Census referring to households that owned 1, 2, 3 or 4(+) cars/vans into one column 
labelled ‘has_car’, while the column for those who did not own a car/van was labelled 
‘no_car’. This meant that both data sources were now in a binary format. Table 13 
demonstrates a further problem (and solution) with the car/van data. This problem arose 
as the rest of the Census data counted individuals, whereas the data on car ownership 
was collected by household, which meant that the sum for the car variable (element ‘a’ 
in Table 13) was always lower than the sum of the other variables in a given area (b). 
Such an issue can affect the accuracy of a model. To counter this problem, the 
difference between the population totals (b) in the area and the car total (a) was 
calculated (c). This number was then split between the two categories (‘has_car’, 
‘no_car’) proportionally to match the binary nature of the ADHS question. In the 
worked example below, for LSOA ‘E01007825’ (an area along Abbeydale Road, south 
of the city centre) the car total was 53 less than the population total. The proportion of 
people who owned a car in this area was 92.23% (d) with 7.77% (e) not owning a 
car/van. This equates to 1069 and 90 people respectively. The difference of 53 was split 
proportionally between these two categories, leading to 49 people being added to the 
‘has_car’ column, and 4 to the ‘no_car’ column. This resulted in new figures for the 
area of 1118 (f) and 94 respectively (g), which summed to the overall population total 
for that LSOA. 
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Table 13 – Data transformation of car data from the Census 
Variable Value 
LSOA E01007825 
Number of people with 
cars 
1069 
Number w/out cars 90 
Total (a) 1159 
Population total for area 
(b) 
1212 
Difference between totals 
(c) 
53 
Proportion with car (d) 0.922346851 
Proportion w/out car (e) 0.077653149 
new_hascar (f) 1069 + 49 = 
1118 
new_nocar (g) 90 + 4 = 94 
New car total 1212 
 
A similar issue was identified with the NS-SEC data. In order for the different NS-SEC 
categories in the Census to sum to the area totals the ‘not classified’ column needed to 
be included. In the ADHS those not classified into an NS-SEC category were coded as 
missing, and were thus not included in the data from the survey. This left the question 
as to what to do with those from the Census who were classified as ‘not categorised’. In 
a similar manner to the car data, these individuals were re-distributed among the 
remaining nine NS-SEC categories based on the proportion of people in each category 
in a given area. Often this led to decimal numbers, which are not appropriate when 
attempting to represent numbers of people in area, so the numbers were rounded to give 
integers. Due to this rounding, the population totals of some areas were out by +/- 1 or 2 
people, so for each LSOA these ‘missing people’ were added to the NS-SEC category 
with the largest count. The rationale behind this was that adding these individuals to a 
column with a large number would have less of an effect, proportionally, than adding 
them to a column with smaller numbers. 
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Once this data transformation had taken place the constraint variables could be matched 
to the survey data from the ADHS. Table 14 demonstrates the final categorisation of the 
constraint data used in the spatial microsimulation modelling. 
Table 14 – Final categorisation of constraint data 
Variable Groupings 
Age 
16-24, 25-34, 35-44, 
45-44, 55-64, 65-74, 
75-84, 85+ 
Gender Male, Female 
General health 
‘Very good’, ‘good’, 
‘fair’, ‘bad’, ‘very 
bad’ 
Car ownership ‘Yes’, ‘No’ 
Educational 
attainment 
‘Degree level or 
above’, 
‘below degree level’ 
NS-SEC 
1.1, 1.2, 2, 3, 4, 5, 6, 
7, 8 
 
4.5. Spatial microsimulation using R 
The spatial microsimulation modelling was conducted using R, an open source 
programming language (R Core Team, 2015). R is an object oriented language, with a 
particular focus on statistics and graphical output. The object oriented nature of the 
language makes it highly suited for data analysis and manipulation, which are 
particularly useful for population analysis. The analysis conducted in this research was 
based on methods used in Lovelace and Dumont’s (2016) book ‘Spatial 
Microsimulation in R’. The source code used for the spatial microsimulation in this 
study is available in full online (https://github.com/tombro1987/SMStoothdecay) with 
notations. 
The main function used for the analysis came from the ‘ipfp’ package (Blocker, 2015), 
which is a fast way of implementing the IPF procedure using the C programming 
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language. In order to work, the function requires three types of input data – a data frame 
containing aggregated Census data for the geographical area of interest (the constraint 
variables – or ‘wide’ data – Figure 12); a data frame containing individuals from the 
ADHS, with associated constraint data, and variables that the user wishes to ‘create’ in 
their new dataset (or ‘long’ data – Figure 13); and a data frame of individuals from the 
survey containing constraint data in a Boolean (or model matrix) format (Figure 14). 
This means that a ‘1’ is present in the column which is relevant to that individual, while 
a ‘0’ is placed in the others. For instance, if an individual is 25 years old a ‘1’ will be 
placed in the ‘25-34’ age grouping, with zeros in the other seven age columns. The row 
sums of each individual were taken to make sure that these summed to 6, as there 
should be a ‘1’ present for each constraint variable. The column order of the aggregated 
Census data and the Boolean format survey data should be the same, and should 
preferably be in order of constraint application (i.e. least influential to most).  
The reason for this extra Boolean formatted data frame is that the ADHS and Census 
data are not directly comparable in their original formats, and therefore this third data 
frame ‘flattens’ the individual level data in the ADHS, so that it matches the format of 
the Census (Lovelace and Dumont, 2016). It then becomes clear which categories an 
individual belongs to for each constraint variable, and the two data sets can then be 
compared. 
Figure 12 – Constraint variables in R (each row represents the population total of an 
LSOA) 
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Figure 13 – Participant data from the ADHS (each row represents an individual) 
 
Figure 14 – Model matrix of survey constraint data in dummy coded format 
 
The reweighting process used in the ‘ipfp’ package is similar in nature to the method 
undertaken by Anderson (2007). All individuals in the survey are given an initial 
weight, sometimes this is automatically set to 1, but it can also be calculated by dividing 
the number of individuals in an area (from the Census data) by the number of 
households from the survey data. Anderson (2007) suggests using a regional weighting 
technique which involves excluding (or giving a weight of 0 to) individuals from 
outside the region being simulated, the idea being that this ‘avoids filling, for example, 
Sheffield with Londoners’ (p.12). In practice this sounds like a reasonable approach, 
however the ADHS data is only available at the Strategic Health Authority (SHA) level, 
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meaning that the lowest spatial scale relevant to Sheffield was the Yorkshire and 
Humber region. The Yorkshire and Humber region is far from homogenous, and 
Sheffield is just as likely to have characteristics in common with towns and regions 
from other parts of the UK as with the rest of the Yorkshire and the Humber region.  
This assumption is in line with work conducted by the ONS on ‘statistical neighbours’ 
(Office for National Statistics, 2011c), which according to the classification would have 
Leeds as the most similar local authority to Sheffield, followed by Newcastle-upon-
Tyne, Cardiff, Preston and Derby. Based on this classification it can be seen that 
Sheffield is more similar to a number of towns and cities from outside the Yorkshire 
and Humber region than some of those in it. Therefore, it did not necessarily make 
sense to exclude other regions from the analysis, which would also reduce the sample 
size significantly. The accuracy of spatial microsimulation models can suffer through 
the reduction of sample sizes, as with a smaller pool of individuals and a potential 
reduction in the variety of characteristics amongst the sample, it may be harder for the 
method to create the target variables as accurately as would be desired. Target variables 
are those that are simulated from the survey data, that do not currently exist in any data 
sources produced for small area geographies (i.e. tooth decay). This theory is supported 
by Ryan et al. (2009), who found that ‘as input sample size increases, resulting 
populations experience gains in accuracy’ (p.201). 
The reweighting method used in the ‘ipfp’ package is the same as that displayed in the 
worked example of the IPF procedure in Section 4.3, where the formula below is 
applied to the six constraint variables iteratively until convergence of the datasets is 
achieved. 
ni = wi × sij/mij  (Equation 1)  
Anderson (2007) states that 20 iterations were enough to achieve convergence, whereas 
other authors have suggested only 10 are required (Ballas et al, 2005a). As a 
compromise 15 iterations were used in this research. For this research more than one 
target variable needed to be simulated, due to the need for individual level data to fill 
out the non-neighbourhood based variables in the pathways. This was a fairly simple 
process, and involved adding additional target variables to the dataset of individuals 
from the ADHS before data manipulation took place, checking to make sure that the 
number of people matched up between the two input data sources taken from the survey 
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data (the participant data, and the model matrix data). The original sample size for a 
model simulating only tooth decay was 5388 individuals, however once the additional 
target variables had been added this was reduced (through missing data) to a final 
sample size of 4840 individuals.  
 
4.6. Integerisation of the microdata 
One of the disadvantages of the IPF method is that output datasets contain decimal 
numbers, which is not a practical way of studying individuals in their local 
environments (it is not possible to have 0.34 of a person for example). Therefore, 
integerisation methods were employed to turn these decimal numbers into whole 
numbers, which is a format much more suited to further research using agent-based 
modelling. Lovelace and Ballas (2013) have highlighted that integerisation can reduce 
model fit, however for the needs of this research it was a necessary step. For this 
research the ‘truncate, replicate, sample’ (TRS) integerisation method was used, 
developed by Lovelace and Ballas (2013). This method involves converting the weights 
created in the spatial microsimulation modelling into integers, ‘that represent whether 
the associated individuals are present (and how many times they are replicated) or 
absent’ (p.2). A key feature of the TRS method is that it should not lead to any increases 
in differences between the simulated data and real data, as has been found in previous 
attempts (Ballas et al, 2005c).  
The integerisation process was key, both in terms of creating the synthetic microdata, 
and in terms of being able to externally validate the model. Integerisation was therefore 
undertaken after the internal validation, in order to change the data into a format on 
which external validation could be conducted (i.e. with integers rather than decimals). 
Before integerisation it was possible to conduct internal validation as this tests the fit of 
the Census data against the aggregated survey data. However, to compare the model’s 
findings with alternative datasets from the real world, the final dataset needs to be 
produced. Such data is not available, or in the correct format, during the internal 
validation stage as this is only measuring the data used as constraints. Thus the key 
variables in this study such as tooth decay scores, oral health habits, and attitudes were 
also not obtainable until after integerisation.  
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The TRS method has been tested alongside other integerisation techniques, and proved 
to be the most accurate, introducing less error than its counterparts (Lovelace and 
Ballas, 2013). It also considers the weights created by the spatial microsimulation to 
have two types of data, both the probability of an individual being selected, and also the 
number of times that individual should be replicated. The method works by first 
removing all information past the decimal point for all the weights (the ‘truncation’), 
leaving integer values (with the decimal remainders saved into a separate data frame). 
The next stage involves the ‘replication’ process, where rows of data (or individuals) are 
replicated based on their integer weight. A weight of 7 for example would be replicated 
seven times, while a weight of 1.73 would be replicated once (due to the truncation). 
The final stage involves weighted random sampling of the decimal weights left over 
from the truncation process, which determine the probability of an individual being 
selected. Thus individuals are replicated based on their truncated weight, while those 
with low weights (less than one) still make up a large proportion of those selected, but 
are replicated fewer times due to their weights being lower. The whole process is 
conducted deterministically, leading to identical results each time the model is run.  
 
4.7. Validation 
One of the most important parts of the IPF process is ensuring the validity of the output, 
particularly given that the models are estimating variables which previously did not 
exist in a geographical format. Models can be validated both internally and externally. 
Internal validation involves checking the fit between the Census constraints and the 
aggregated survey data, and Lovelace and Dumont (2016) list several ways to test this. 
Firstly, a simple check of the data can be performed using the correlation function in R 
(‘cor’), which calculates a Pearson’s r coefficient (Pearson, 1896). This value should be 
as close to 1 as possible, and preferably over 0.99 to show the two datasets have 
converged. This can also be assessed visually by plotting the two datasets against each 
other. Two further tests of the fit of the data include the total absolute error (TAE) and 
the standardised absolute error (SAE). The TAE calculates the differences between the 
observed and simulated values for each constraint in each zone, and sums these. The 
SAE is perhaps a more useful measure of error, as this takes the TAE for each zone and 
divides it by the population of each area, thus making comparisons between different 
123 
 
areas more relevant. Having calculated the TAE and SAE it is then possible to 
investigate which areas have the highest error levels, how much these areas contribute 
to the overall level of error, as well as which of the variables have not converged and 
are causing the error to be higher in these areas. Statistical tests such as regression and t-
tests can also be used to test the convergence of the two datasets (Edwards and Clarke, 
2007) 
External validation of spatial microsimulation models, while the ‘gold standard’, can be 
more difficult to conduct. Some models can be caught in a ‘catch 22’ situation, as the 
outputs are often new data with nothing else to compare them against, hence the need to 
use the method in the first place (Lovelace and Dumont, 2016). Where external 
validation is possible, there are a number of ways of achieving this, with Tanton and 
Edwards (2013) proposing four potential approaches. The first of these involves 
aggregating the results of the model to a spatial scale where relevant data already exist 
that can be compared to the output. The authors warn of the importance of the 
ecological fallacy during this approach, and the importance of not making assumptions 
about populations from aggregate data. The ecological fallacy concerns the 
‘aggregational variability inherent in areal data’ (Openshaw, 1984 – p.18), whereby 
aggregate levels group statistics from Census data can become unrepresentative of the 
individuals that comprise that group. The danger then comes from making assumptions 
about the nature of individuals based on these aggregated statistics. This also brings into 
the question the areal unit used for the analysis, which in turn will influence the 
resultant statistics. This is another reason why the neighbourhood based variables in this 
study were, where possible, not based on aggregated individual data, so as not to create 
difficulties in interpreting group level data.  
The second approach, which is far more time and resource consuming, is to collect 
primary data on the outcome variable of choice in either one, or a sample of small areas, 
assuming no other relevant data exists. The third approach suggested by the authors is to 
compare the simulated data to different variables that happen to be correlated with the 
simulated output, using data that already exists at the micro level. Using small area 
geographical data from the Census is perhaps the most obvious option in this regard, 
while Anderson (2013) used the Welsh Indices of Multiple Deprivation (StatsWales, 
2011) as an alternative source of data. The fourth and final suggestion is to run the 
model at a larger geographical scale, before measuring the results against (reliable) 
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estimates for larger scales from another dataset. This approach has similarities with the 
first method, and in the case of this study data from the Yorkshire and Humber region 
could be used. A fifth technique for external validation is to use unconstrained 
variables, i.e. one that is present in both datasets but was not used as a constraint 
(Campbell, 2011). By including these variables as additional target variables, it is 
possible to compare the model estimates against the Census version of the variable. This 
gives an idea as to whether the model is accurately producing data for the target 
variables. This approach was used in this research, through the inclusion of ethnicity 
and marital status as additional target variables.  
Internal validation should be conducted as the bare minimum in the validation process. 
It may not be possible to conduct external validation on a model however, and this will 
very much depend on the target variable of choice in the research, as well as the spatial 
scale at which the data is produced. Once the data has been validated it is possible to 
export data frames from R as .csv files using the ‘xlsx’ package and ‘write.csv’ 
command. Once in this format it is also possible to read such data into agent-based 
modelling software, and this will be explained in more detail in Chapter 5. The next 
section will focus on the results of the models and their validation, before moving on to 
geographical and statistical analysis of the output.  
 
4.8. Results of the spatial microsimulation model 
This section is split into two parts. The first (Section 4.8.1) will deal with the internal 
validation of the spatial microsimulation model, measuring how well the aggregated 
survey data constrained to the Census population totals, and a discussion surrounding 
this. The second part (Section 4.8.2) will look at the external validation of the model 
through the use of the ‘ethnicity’ and ‘marital status’ variables, to judge how well the 
model was able to predict these unconstrained Census variables, accompanied by a 
second discussion on the success of this approach.  
 
4.8.1. Internal validation of the model 
The overall model constrained extremely accurately. Using Pearson’s r correlation 
coefficient, the Census data constraints and aggregated survey data were plotted and 
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compared, obtaining a perfect score of 1. The correlation between the aggregated survey 
data and the Census data can be seen in Figure 15. The correlations for the individual 
constraint variables were also very accurate, with each constraint also attaining a 
correlation coefficient of 1. 
Figure 15 – Census data plotted against the aggregated survey data 
 
Beyond the use of the Pearson’s r statistic already presented, the model was internally 
validated in a number of other ways. As mentioned in Section 4.7, the total absolute 
error (TAE) is a measure of the absolute difference between the Census data and 
simulated data for each zone. Having run the model for 15 iterations the TAE score for 
the overall model was again extremely encouraging at just 0.2985, out of a total adult 
population of 452,014. This ranged from 0.000000005 to a maximum of 0.066118601 
across the 345 LSOAs. The population total created from the simulation was also very 
accurate, as the simulated population figure of 452,014 compared exactly to the adult 
population supplied by NOMIS (NOMIS, 2011) at the time of the 2011 Census 
(n=452,014). The standardised absolute error (SAE), where the TAE is divided by the 
population of the LSOA, also performed extremely well, with a score of just 
0.0000001101. This ranged from 0.0000000000007 to a high of 0.00000776133.  
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Figure 16 – Total absolute error (TAE) scores per LSOA 
 
Figures 16 and 18 show the TAE and SAE scores mapped onto the Sheffield LSOA 
boundaries. Figure 16 shows that a cluster of zones to the west of the city centre 
featured the highest TAE scores. The zone with the highest error score was LSOA 
E01033261, an area near Broad Lane and the University of Sheffield’s city campus 
(Figure 17). Further analysis revealed this zone accounted for 27.47 % of the TAE in 
the model.  
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Figure 17 – Location of LSOA E01033261 near Broad Lane and the university 
 
Figure 18 demonstrates a similar pattern for the standardised absolute error, with a 
cluster of LSOAs to the west of the city centre again providing the highest error scores.  
Figure 18 – Standardised absolute error (SAE) scores per LSOA 
 
This time LSOA E01033267 had the higher error score. This area was situated around 
Devonshire Green, and was also located near to a number of buildings affiliated with 
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the University of Sheffield, as well as student accommodation at West One (Figure 19). 
This LSOA accounted for 33.25% of the standardised error in the model. 
Figure 19 – Location of LSOA E01033267 near Devonshire Green and West One 
 
It would seem that one zone did not account for the majority of the absolute or 
standardised error within the model. If one zone had been principally responsible for the 
error, then the rest of the model could be assumed to be accurate. However, this is not 
necessarily a problem when the error scores are a small as they were in this research. 
Interestingly, a similar cluster of LSOAs to the west of the city centre appeared to 
account for the majority of the error (both absolute and standardised) in the model, with 
these areas being located near the main campus of the University of Sheffield. As these 
LSOAs cover areas occupied by university buildings as well as student accommodation, 
it may be that the characteristics of the student population in the area, which will differ 
to that of the usual resident population near the university, caused the higher error 
counts in these areas. Ballas et al. (2005a) have stated that spatial microsimulation is not 
suitable for estimating populations when ‘affected considerably by external and 
localised factors, such as transport networks and public transport services, or the 
presence of a disproportionally large university or a single major employer in the 
region’ (p.14). It is possible that the presence of the university and its students may have 
affected the output of the model, although it is curious that higher error counts were not 
seen in areas occupied by buildings associated with Sheffield Hallam University and its 
students.  
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While the TAE and SAE are helpful in assessing error, they do not give any indications 
of statistical difference, and tests of this type provide an alternative way to judge the fit 
of the data internally. Edwards and Clarke (2007) used two-tailed equal variance t-tests 
to check whether there were statistically significant differences between the Census data 
and aggregated survey data, with the results as applied to this research presented in 
Table 15. The data in this table demonstrates the excellent fit of the model internally, 
with no statistically significant differences between the Census and survey data for the 
overall model, or any of the six constraint variables.  
Table 15 – Results of the two-tailed equal variance t-tests  
Constraint p-value 
Overall model 0.995 
Age 0.9996 
Gender 0.9993 
Qualification 0.9998 
NS-SEC 0.9995 
General health 0.9998 
Car ownership 1 
 
Edward and Clarke (2007) also suggest linear regression as a further internal validation 
method, as the p-values and R2 statistics give a good indication of internal fit. Again the 
simulation performed well in this regard, as the overall model and all of the constraints 
attained statistically significant p-values (p <0.01), and R2 values of 1. Finally, Smith et 
al. (2007) contend that for a rare disease such as diabetes, there should be less than 10% 
error in 90% of the areas (output areas in their research). In this research all of the SAE 
scores for each LSOA were below 10%, with the highest standardised error score being 
0.00000776133, indicating excellent internal model fit. Based on the findings of the 
internal validation, it was assumed that the model was internally valid, and had 
constrained accurately to the Census data. 
 
4.8.2. External validation of the model 
While the results of the internal validation were a positive, the point of spatial 
microsimulation modelling is to constrain and converge the two datasets, so the fact this 
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has occurred should not be too much of a surprise. Having internally validated the 
model, the data was integerised in order to create ‘whole’ individuals within the data. 
This in turn allowed for the external validation to take place. 
Following the integerisation of the data, a key error in the modelling was discovered 
during the external validation process. As mentioned in Section 4.4.2, data 
transformation was undertaken on the NS-SEC data to account for the ‘not-classified’ 
data. Also mentioned in this section was that this process left some LSOAs (n=175) one 
or two (both positive and negative) out from the actual Census numbers. An additional 
section of code was created that split these 175 zones into four data frames: zones out 
by negative one; zone out by positive one; zones out by negative two; zones out by 
positive two. Once these zones had been corrected they were combined into a further 
data frame, then joined with the LSOAs without error to form one data frame with all 
345 LSOAs, complete with correct NS-SEC data. However, due to the way the zones 
were re-combined, the data no longer matched the order of the LSOAs in the Census 
data. This led to spurious results during the external validation. While it would be 
possible to re-order the Census variables, a more practical approach was to fix the code 
to leave the LSOAs in the desired order. This was done by adding a key to the original 
Census data, which acted as a reference point for re-ordering the LSOAs later in the 
code. This allowed for more reliable external validation to take place, but also 
reinforces the importance of model checking throughout. The internal validation would 
not have picked this up as this stage is concerned with checking whether the survey data 
had aggregated correctly to the Census constraints. Thus the order of the LSOAs was 
not as important as the data associated with each zone at this step.  
As alluded to in Section 4.7, external validation of spatial microsimulation models is 
harder than internal validation. This is because there is rarely appropriate data available 
to test the model (hence the need for the modelling in the first place), and often the 
model outputs will need to be adjusted to match data at other spatial scales. With this in 
mind, the UK Data Archive, the Office for National Statistics (ONS) and the Health and 
Social Care Information Centre (HSCIC) were contacted regarding possible data 
sources for external validation. The UK Data Archive was contacted specifically 
regarding differing spatial scales for the ADHS (which is only available publically at 
the Strategic Health Authority level), however such data were not available. Following a 
recommendation from data analysts at the UK Data Archive to check with the ONS, it 
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was found that data were available under special agreements at the old Primary Care 
Trust level. However, this equated to only 77 cases for Sheffield (out of 1,021 for 
Yorkshire, and 11,380 Overall), of which only 42 had undertaken a dental examination 
and included the ‘numdu98’ variable. Given that the sample size for the original spatial 
microsimulation model contained 4840 individuals, 42 was not seen as an adequate 
number for validating the model. Finally, the HSCIC was contacted with regard to 
whether they had any alternative datasets on tooth decay (not related to the ADHS) at a 
spatial scale lower than SHA (or similarly sized regions). No such data were available 
however.  
Thus it became impossible to test how well the spatial microsimulation model had 
performed regarding the tooth decay variable. While this was unfortunate, it is a 
common problem within the field. The performance of the model could still be assessed 
by evaluating it against ‘non-constrained’ variables though (Campbell, 2011). This 
involved taking data from variables that were present in both the Census and ADHS, 
and that were not included as constraint variables in the model. The idea behind this 
was that if the model was able to predict these target variables accurately, it indicates 
reliability on the models part when creating new data, and gives confidence that the 
other target variables have been predicted accurately as well. Variables for household 
tenure and limiting long-term illness were excluded based on their incompatibility with 
the Census data, while data on household size were also excluded as it counted the 
whole population, rather than those aged 16 and over.  
This left ethnicity and marital status as potential variables to use. The data for marital 
status was collected in a very similar manner in the ADHS and the Census data, making 
it comparable without any data manipulation. The data for ethnicity was found to be less 
comparable however. When using data for the usual resident populations of each LSOA 
the ethnicity data from the Census can be manipulated to match the categories from the 
ADHS exactly. However, this usual resident population included residents aged under 
the age of 16, therefore making it incomparable with the microdata, which contained 
only those who were aged 16 or over. Ethnicity data on individuals aged 16 and over 
was available from NOMIS (NOMIS, 2011), however this data was not available in the 
same format, meaning that when cross-tabulated with age (so as to exclude those aged 
under 16) the only comparable categories were ‘white’, ‘mixed race’ and ‘other ethnic 
group’. It is unusual and unfortunate that the data was not available by age in a format 
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that allowed for a greater disaggregation of different ethnicities, however as the other 
more comparable datasets were not measuring the same population that was created in 
the spatial microsimulation modelling, there was little choice but to use these data. The 
data would still allow for external validation to be conducted, however it is a shame that 
a more extensive validation using ethnicity was not possible.  
Two statistical measures were used to judge the success of the external validation. The 
first of these was the R2 value, as a general indicator of the fit of the data. This measures 
the fit of the data, but not necessarily around a given point. Therefore, the second 
measure used was the standard error around the identity (SEI), which is a measure of 
how well the data from the model falls around the 45-degree line (Tanton et al, 2011). 
Ideally data that fits perfectly should fall along this line, in the same way that it did 
during the internal validation (see Figure 15). The SEI score is calculated using the 
formula demonstrated in Equation 2. 
Equation 2 – SEI calculation formula (Tanton et al, 2011) 
 
In Equation 2 Yest are the spatial microsimulation estimates (of marital status or 
ethnicity in this case) and YABS are the equivalent data from the Census. Tanton et al, 
(2011) state that the SEI is interpreted in a similar way to the R2 value, in that a higher 
figure indicates a better fit, only this time it refers to the 45-degree line. Presented 
below are graphs and statistics for each of the variables used for the external validation 
(Figures 20-28). The plain black lines represent the 45-degree line around which the SEI 
is measured, while the blue lines represent the fit of the data through the R2 statistic. 
The blue shading around this line represents 95% confidence intervals.  
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Figure 20 – External validation using the marital status ‘single’ variable. R2 = 0.973, 
SEI = 0.9481061 
 
Figure 21 – External validation using the marital status ‘married’ variable. R2 = 0.813, 
SEI = 0.7381038 
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Figure 22 – External validation using the marital status ‘civil partnership’ variable. R2 
= -0.0000744, SEI = -0.303626 
 
Figure 23 – External validation using the marital status ‘separated’ variable. R2 = 
0.293, SEI = -0.2427851 
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Figure 24 – External validation using the marital status ‘divorced’ variable. R2 = 
0.605, SEI = 0.5857174 
 
Figure 25 – External validation using the marital status ‘widowed’ variable. R2 = 
0.874, SEI = 0.7056197 
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Figure 26 – External validation using the ethnicity ‘White British/other white’ variable. 
R2 = 0.5314, SEI = 0.4424715 
 
Figure 27 – External validation using the ethnicity ‘Mixed/multiple ethnic group’ 
variable. R2 = 0.3522, SEI = -0.4144036 
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Figure 28 – External validation using the ethnicity ‘Other ethnic group’ variable. R2 = 
0.6123, SEI = 0.2682731 
 
As can be seen from Figures 20 to 28, the results of the external validation were mixed, 
and varied far more than those of the internal validation. Many of the tests obtained R2 
values over 0.5, and SEI scores near to or above this figure. The scores for the ‘civil 
partnership’ variable (Figure 22) in particular were very low, with the ‘separated’ and 
‘mixed/multiple ethnic group’ variables also having very low SEI scores (Figures 23 
and 27). The latter two variables also showed the most discordance between the R2 
value and the SEI value, an important reminder that they are not measuring the data in 
the same way. 
The general trend in the data seemed to be that that the larger the counts associated with 
a different level of a variable the better the validation scores, and that the variables that 
did not perform as well in the external validation had the smallest counts. This pattern 
was seen consistently throughout the external validation. Therefore, any errors in the 
simulated variables with lower counts would make more of a difference proportionally 
than it would with a variable with larger numbers. For example, an error of 6 is not that 
large out of a population of 1000, whereas it would be out of a population of 15-20. 
Burden and Smith (2015) have commented on a similar issue regarding validation, 
stating that ‘the categories with small counts and those with high within-area 
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homogeneity were the most highly variable’ (p.575). This is not an attempt to ‘blame 
the data’ or to excuse the performance of the model however. It is an interesting 
discussion point though that the presence of external validation variables with smaller 
numbers may make a difference to the results, and perhaps are not best suited to such 
tasks. The analysis also showed that the model over and underestimated the populations 
for all of the target variables, indicating that the counts of the validation variables are 
not the only potential issue. It is of course highly subjective what a ‘big’ or ‘small’ 
number is, and may depend on the counts of the other variables in the model. Thus 
finding a suitable cut-off point for externally validating a model could be difficult if this 
approach was taken.  
Part of the issue with the external validation may be due to the sample size. As already 
mentioned, Ryan et al. (2009) have commented that increased sample sizes lead to more 
accurate models. The sample size in this research was 5,388 when an initial model 
containing just tooth decay was completed, however this number fell to 4,840 upon the 
addition of the extra variables associated with the theoretical pathways. This was due to 
presence of missing data, as any individual with missing data points had to be removed 
from the analysis, as spatial microsimulation cannot work with missing data values. It 
may be that a larger sample would allow for a more accurate external validation.  
Given all of these concerns, most of the variables that had higher numbers (i.e. 
approaching 100 or above) still scored over 0.6 for both the R2 and SEI, indicating a 
good, if not great fit. Given these scores and those of the internal validation, the model 
was considered accurate enough to proceed with. Ideally more accurate values would 
have been obtained, and future work should investigate how the fit of such models 
could be improved, however such analysis was beyond the scope of this research. 
 
4.10. Using microdata to analyse spatial trends in tooth decay 
Having integerised the weightings from the spatial microsimulation model and validated 
the output, it was then possible to calculate other aggregate statistics for the city of 
Sheffield, and study a number of trends in the data. The results showed that the city had 
a mean tooth decay score of 1.047, with 40.1% of the city’s residents experiencing some 
sort of decay. Within the 345 LSOAs of Sheffield, the mean tooth decay score ranged 
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from 0.77 (LSOA E01008043 – an area near Nether Edge to the south-west of the city 
centre) to 1.69 (LSOA E01007878 – an area between Park Hill and Manor to the east of 
the city centre). The east-west divide between these two LSOAs is mirrored by the 
geographical divide between the highest and lowest scoring areas for mean tooth decay 
scores at the city level (Figure 29). The locations of the highest and lowest scoring 
LSOAs is presented in Figure 30. These were mapped using Quantum Geographic 
Information Systems (QGIS - version 2.8 – Wien, Development Team, 2015) and the 
British National Grid coordinate system. Sadly, the pattern shown in Figure 29 is not 
surprising when the spatial patterning of the city is considered in a wider social and 
historical context (Thomas et al, 2009). 
Figure 29 – Map of simulated mean tooth decay scores per LSOA in Sheffield 
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Figure 30 – Location of the highest (purple) and lowest (white) scoring LSOAs 
 
As can be seen in Figure 29, LSOAs in central, northern and eastern areas of Sheffield 
tended to have higher levels of decay than more westerly LSOAs. In a general sense this 
divide within the city is historical, and can be traced back to the positioning of heavy 
industry in Sheffield during its heyday. This was mainly located in the east of Sheffield, 
particularly along the Don Valley, while more affluent residents were located in the 
west of the city, away from the smoke and nearer to the Peak District. This divide is 
well recognised, and has manifest itself across a wide variety of other indicators 
including health, poverty and wealth, education, housing and crime (Thomas et al, 
2009).  
Positive associations were also found between deprivation scores per LSOA (IMD, 
2015) and mean tooth decay scores from the spatial microdata through the use of linear 
regression, with an R2 statistic of 0.8467. While use of the 2010 IMD would have been 
conceptually more favourable (being closer in date to the collection of the Census data, 
as well as the ADHS), this was not possible due to boundary changes at the LSOA level 
in Sheffield between the 2001 and 2011 Census’. The 2010 IMD was based on the 2001 
LSOA boundaries, thus the later IMD data from 2015 was the most recent compatible 
source. While not as convenient chronologically, it still demonstrates an alarming 
pattern of inequality within the city.  
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The unequal distribution of tooth decay in the city is further demonstrated by the human 
cartogram displayed in Figure 31. Human cartograms can only be used to display 
counts, rather than proportions, percentages or rates, so the total number of decayed 
teeth in each LSOA was used to create this figure. Human cartograms aim to represent 
geographical regions in proportion to their population, or some other property of these 
areas (Gastner and Newman, 2004). In this case the maps are representing the counts for 
tooth decay in each LSOA, and emphasising, proportionally, those LSOAs with the 
highest counts. This is interesting when comparing the cartogram with the standard 
geographical map of Sheffield, as they differ greatly. The west of the city has decreased 
in size proportionally, with the LSOAs in the east of the city being far more prominent.  
Figure 31 – Human cartogram of tooth decay counts by LSOA in Sheffield 
 
This can be seen in Figure 32, where the LSOAs in the east with higher tooth decay 
scores have been highlighted in yellow in an exploratory example. It should be stated 
that values of ‘higher’ and ‘lower’ are somewhat subjective and purely for 
demonstration purposes, rather than being based on exact calculations. From this it can 
be seen that these LSOAs now take up a far larger proportion of the total area in 
Sheffield compared to the standard geographical map presented in Figure 29. This 
distorted image demonstrates the nature of the divide in the city with regard to the 
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number of decayed teeth, emphasising the spatial clustering of higher levels of tooth 
decay in areas of east Sheffield. This is another example of the possible use of data from 
a spatial microsimulation model, as well as an example of a novel spatial technique to 
highlight inequalities and the uneven distribution of variables. These cartograms were 
created using the ScapeToad open source software tool (ScapeToad, 2008). 
Figure 32 – Human cartogram of tooth decay counts by LSOA in Sheffield, with higher 
scores highlighted in yellow 
 
Patterns other than the spatial distribution of tooth decay in the city can also be studied. 
Thanks to data kindly provided by Kate Jones (National Consultant in Dental Public 
Health at Public Health England) on the location of all dental services in Sheffield, it 
was possible to map this along with the tooth decay scores (Figure 33).  
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Figure 33 – Tooth decay in Sheffield with dentist locations 
 
From a visual analysis of the map it can be seen that dental surgeries tended to be 
located in areas not experiencing the highest levels of tooth decay. The areas 
characterised by the darkest purple shading (i.e. the highest levels of tooth decay) would 
seem to be poorly served by these services. This would be in line with the inverse care 
law theory (Hart, 1971), although of course a visual inspection is never going to be a 
thorough enough way to evaluate this in a policy context. There are more technically 
accurate ways to judge the spatial distribution of such locations, and this section is 
merely demonstrating the types of analysis that could be undertaken in a dental context 
once spatial microdata on a given subject is available. One of the more popular 
techniques in the early days of spatial analysis in Dental Public Health was the use of 
Voronoi polygons (or Thiessen polygons – Bradley et al, 1978) to delineate areas that 
were closest to each point, relative to all other points. This has been applied to the map 
in Figure 33, and is seen below in Figure 34. 
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Figure 34 – Voronoi polygons applied to dentist locations in Sheffield 
 
A visual inspection of the Voronoi polygons created in Figure 34 shows that the areas 
around the LSOAs with higher levels of tooth decay tend to be larger, indicating fewer 
dentists in these areas, with those that are present having to ‘cover’ a larger area. Again 
this is more of a visual inspection, and there are specific allocation tools that may help 
in exact calculations (Horner et al, 2007), but again this demonstrates the type of 
analysis that is now possible with this data.  
 
4.11. Choosing the study areas for the agent-based models 
Having run the spatial microsimulation model for Sheffield, the decision was then taken 
to study smaller areas within the city. This decision was made for both conceptual and 
practical reasons. From a conceptual perspective, running a model for the whole of 
Sheffield may lead to a lack of focus on neighbourhoods and local environments, which 
was the main idea behind this research. By conducting the research at the city level it 
would also be difficult to monitor the whole city, or zoom in and out of specific areas 
without missing processes that were occurring in other areas. From a practical 
perspective this decision made sense too. Trying to run a model with 452,014 individual 
agents interacting over a whole city with hundreds of dentist, shops and further 
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educational locations would be hugely computationally intensive, and challenging to 
extract meaningful data from.  
Given these concerns, it was decided that the spatial microsimulation data would be 
used to identify suitable study areas for the research, which would then be used in the 
agent-based models. The idea was not to create a ‘perfect’ cluster containing the areas 
with the 1st, 2nd, 3rd and 4th (etc.) highest (or lowest) levels of tooth decay, but rather to 
find regions of Sheffield that contained areas which generally had some of the highest 
scores in the city, and vice versa. This would mean that the theoretical pathways could 
be applied in two very different areas, to see if different effects were important in 
different neighbourhoods. 
By mapping the mean tooth decay scores using QGIS, through the use of shapefiles 
from the UK Data Service’s UK Borders Boundary Data Selector (UK Data Service, 
2011b), it was possible to highlight the areas with the 30 highest and lowest scores. To 
form a cluster these LSOAs needed to be adjoining. This analysis revealed two distinct 
clusters in the east and west of the city. In the east, including the areas of Wybourn, 
Attercliffe and Burngreave were LSOAs with the 1st, 2nd, 5th, 7th, 10th, 14th and 21st 
highest levels of tooth decay. In the west of the city, in the areas of Crosspool, Nether 
Green, Fulwood and Lodge Moor were LSOAs with the 1st, 4th, 11th, 12th, 14th, 20th and 
26th lowest tooth decay scores. These areas are shown in Figures 36-39. The use of these 
two study areas seemed appropriate when conducting research into inequalities in 
Sheffield, given the city’s stark divide between the east and west on so many socio-
demographic, economic and health related variables (Thomas et al, 2009). Both areas 
were made up of seven LSOAs, with the Sheffield East cluster having a total population 
of 8524 individuals, compared to a population of 8644 in the Sheffield West cluster. 
This represents another advantage of using spatial microsimulation modelling to 
investigate inequalities in oral health – while it would be possible to conduct a city wide 
analysis, due to the way the method has been applied smaller areas, and clusters of 
these, can also be selected for comparative analysis.  
Given the shape and positioning of some of the LSOAs, buffers were added to the 
clusters in an attempt to counter border effects. For example, in the Sheffield West 
cluster, a dentist was located just outside the boundary of one LSOA, but it seems 
highly unlikely that people who live just inside that LSOA would discount it as a local 
service due to a somewhat artificial administrative boundary. This is demonstrated in 
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Figure 35, where the dark purple shading indicates the extent of the LSOA in question, 
with the blue building representing the building within which the dentist is located. The 
red building represents a shop that narrowly falls inside these same boundaries. The 
buffers that were applied subsequently included any facilities just outside the original 
clusters.  
This is a difficult matter to deal with conceptually, as it is impossible to say that people 
would not travel to or use facilities outside of the clusters, but the buffers aimed to 
minimise this effect by including locations that would obviously be considered as 
‘local’. This issue is a more general one within geographical research, particularly 
where map boundaries are concerned. For example, even if the model had been 
conducted at the city level, it is still entirely possible that people may travel to 
Chesterfield, Rotherham or other nearby towns to use services that do not fall within the 
Sheffield city limits. The buffers also avoided roads at the edge of the clusters being cut 
off, which would have limited the movement of the agents in an unnatural way.  
Figure 35 - Location of a dentist in Crosspool relative to the original Sheffield West 
boundaries 
 
These newly created buffers were used to define the rest of the spatial data needed for 
the agent-based models. Data for supermarket locations for example were taken from 
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the Geolytix website (Geolytix, 2016), which contained the postcode of each of these 
locations, as well as the easting and northing. The easting is the equivalent of the x 
coordinate (longitude), while the northing is the equivalent of the y coordinate 
(latitude). This made it easy to convert these locations into point data, which could then 
be mapped. The buffers for each area were then used to clip these shops locations. 
Clipping involves extracting data from within a defined spatial unit, in this case the 
shapefiles that formed the buffers for each of the study areas. This left two shapefiles 
containing data on the shop locations for the two study areas. A manual search of 
Google Maps (2016a) was conducted to identify any other shops that could be included. 
This was limited to those that were judged to sell a large enough range of products to 
support a weekly shop, rather than just confectionary, newspapers and tobacco. These 
locations were manually added where necessary to the existing shapefiles.  
A similar procedure was undertaken for the dentist location data, this time without the 
additional manual search due to the completeness of the data. Finally, shapefiles for 
further education facilities were created. This data was not clipped as no comprehensive 
location file exists for these locations, so instead a manual search using Google and 
Google Maps (2016b) was conducted to obtain these locations. These facilities were 
roughly defined as those which provided either apprenticeships or further training, 
mainly for young adults (typically 16-24 year olds). This search yielded two locations 
for the Sheffield East study area, and none in the Sheffield West study area. Road and 
building data (Digimap, 2016) were also clipped to allow the agents to move around the 
model, and to add realistic detail in the case of the buildings. The integration of 
buildings into the model also allowed for specific locations (dentists, shops, etc.) to be 
designated as locations for the agents to visit.  
Figures 36 and 37 demonstrate the exact locations of the two study areas within 
Sheffield, superimposed over an OpenStreetMap (2016) background, using the 
OpenLayers plugin (Sourcepole, 2016) in QGIS. The LSOA boundaries of the clusters 
are represented in pink, while the buffers applied to each study area are shown in 
yellow. As can be seen, particularly in the case of the Sheffield East study area in Figure 
36, these buffers proved necessary in order to avoid ‘cutting off’ areas, and features 
within these such as roads, that would likely play a role within the study area. Figures 
38 and 39 also demonstrate the locations of each study area in relation to the rest of the 
city, and the other LSOAs within Sheffield. 
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Figure 36 – Location of the Sheffield East study area within Sheffield, with original 
boundaries (pink) and new buffer (yellow) 
 
Figure 37 – Location of the Sheffield West study area within Sheffield, with original 
boundaries (pink) and new buffer (yellow) 
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Figure 38 – Location of the Sheffield East (right) and Sheffield West (left) study areas in 
relation to each other within Sheffield 
 
Figure 39 – Alternative view of the Sheffield East and Sheffield West study areas within 
the LSOA boundaries of Sheffield 
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4.12. ‘Painting a picture’ of the study areas 
Ballas et al. (2005a) describe spatial microsimulation as being able to ‘paint a picture of 
the possible (or most probable) life of households of a city or region’ (p.14). Thanks to 
the selection of the study areas, and the aggregating of the individual data, it was now 
possible to get more insight into the characteristics of each of the areas. Table 16 shows 
the characteristics of the two study areas represented by the constraint variables and 
tooth decay scores. 
Table 16 – Constraint characteristics and tooth decay scores for the two study areas 
Variable 
Sheffield East Sheffield West 
n % n % 
Age - 16-24 1383 16.22 822 9.51 
Age - 25-34 2028 23.79 1003 11.6 
Age - 35-44 1668 19.57 1563 18.08 
Age - 45-54 1236 14.5 1693 19.59 
Age - 55-64 952 11.17 1527 17.67 
Age - 65-74 689 8.08 1034 11.96 
Age - 75-84 422 4.95 707 8.18 
Age - 85+ 146 1.71 295 3.41 
Females 4207 49.35 4544 52.57 
Very good 
health 
2760 32.38 4056 46.92 
Good health 3100 36.37 3203 37.05 
Fair health 1630 19.12 1059 12.25 
Bad health 805 9.44 247 2.86 
Very bad 
health 
229 2.69 79 0.91 
Car 
ownership 
4269 50.08 7864 90.98 
Has a degree 1084 12.72 4760 55.07 
NS-SEC(1.1) 66  450  
NS-SEC(1.2) 210  2000  
NS-SEC(1) 276 3.24 2450 28.34 
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Variable 
Sheffield East Sheffield West 
n % n % 
NS-SEC(2) 983 11.53 2772 32.07 
NS-SEC(3) 806 9.46 1172 13.56 
NS-SEC(4) 603 7.07 798 9.23 
NS-SEC(5) 579 6.79 288 3.33 
NS-SEC(6) 1854 21.75 598 6.92 
NS-SEC(7) 1837 21.55 324 3.75 
NS-SEC(8) 1586 18.61 242 2.8 
Tooth decay 
(mean) 
1.44 0.8 
 
As can be seen in Table 16, the two areas differ greatly on a number of variables. 
Sheffield East had a higher proportion of residents aged 16-34 for example (40.01%) 
compared to Sheffield West (21.11%), while Sheffield West has a higher proportion of 
residents aged 65 and over (23.55%) than Sheffield East (14.74%). Sheffield West also 
has a slightly higher proportion of female residents (52.57% versus 49.35%). Although 
the number of residents with perceived ‘good’ health is very similar between the two 
areas (37.05% for Sheffield West, 36.37% for Sheffield East), the proportion of 
individuals with perceived ‘very good’ health is much higher in Sheffield West than 
Sheffield East (46.92% versus 32.38%). Sheffield West also has a far higher proportion 
of car owners (90.98%) and degree holders (55.07%) compared to Sheffield East 
(50.08% and 12.72% respectively). Sheffield West also has a larger proportion of its 
residents in NS-SEC categories 1 and 2 (60.41%) than Sheffield East (14.77%), while 
the mean tooth decay scores also differ greatly (1.44 for Sheffield East versus 0.8 for 
Sheffield West). This paints a picture of Sheffield West as an area with a more elderly 
population, with most residents experiencing ‘good’ or ‘very good’ health, being likely 
to own a car, more likely to have a degree, and more likely to occupy positions towards 
the top end of the job market. It should again be noted that the two study areas were not 
selected based on any kind of socio-economic or demographic differences. Rather, they 
were selected based on clusters of tooth decay scores, with the stark socio-economic 
differences between the two areas only emerging following further analyses of these 
clusters. This adds weight to the theory that socio-economic circumstances and 
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differences between them also reflect differences in health conditions (Wilkinson and 
Marmot, 2003), and that it would be hard to consider one without the other.  
What is more interesting however is studying the trends associated with the additional 
target variables from the theoretical pathways that have been simulated. The socio-
economic data above is interesting, however such a picture could be obtained without 
the use of spatial microsimulation, through taking data for each LSOA from the Census. 
The trends in the target variables in this research could not be assessed without this 
method however. This will be the next focus of this section, with the data for the target 
variables presented in Table 17.  
Table 17 – Trends in the additional target variables for both study areas 
Variable 
Sheffield East Sheffield West 
n % n % 
Delayed treatment due to 
cost 
1904 22.34 1347 15.58 
Use toothbrush/paste 4702 55.16 5804 67.14 
Cost affected treatment 
type 
2527 29.65 2101 24.31 
Psychological discomfort - 
very often 
643 7.54 265 3.07 
Psychological discomfort - 
often 
533 6.25 361 4.18 
Psychological discomfort - 
occasionally 
1150 13.49 954 11.04 
Psychological discomfort - 
hardly ever 
570 6.69 617 7.14 
Psychological discomfort – 
hardly 
5628 66.03 6447 74.58 
Had advice about smoking 1359 15.94 777 8.97 
High sugar intake 4255 49.92 4295 49.69 
Dental attendance - regular 4756 55.8 6403 74.07 
Dental attendance – 
occasional 
802 9.41 735 8.5 
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Variable 
Sheffield East Sheffield West 
n % n % 
Dental attendance – 
trouble 
2966 34.8 1506 17.42 
Dental attendance – never 0 0 0 0 
Fluoride intake - 1350-1500 6569 77.06 6564 75.94 
Fluoride intake - 1000-1300 1522 17.86 1517 17.55 
Fluoride intake - 550 or 
less 
23 0.27 38 0.44 
Fluoride intake – none 410 4.81 0 0 
Sweets - 6+ per week 1526 17.9 1325 15.33 
Sweets - 3-5 per week 1721 20.19 1858 21.49 
Sweets - 1-2 per week 2345 27.51 2587 29.93 
Sweets - less than once per 
week 
1325 15.54 1539 17.8 
Sweets -  never 1607 18.85 1335 15.44 
Severity of difficulty going 
out (average) 
0.16 0.08 
Cakes - 6+ per week 2232 26.18 2483 28.73 
Cakes - 3-5 per week 2214 25.97 2418 27.97 
Cakes - 1-2 per week 2458 28.84 2310 26.72 
Cakes - less than once per 
week 
852 10 917 10.61 
Cakes – never 768 9.01 516 5.97 
Clean teeth - twice a day + 5969 70.03 6935 80.23 
Dental visits - every 6 
months 
3999 46.91 4953 57.3 
Dental visits - at least once 
a year 
1546 18.14 1967 22.76 
Dental visits - at least once 
every two years 
409 4.8 457 5.29 
Dental visits - less than 
every two years 
919 10.78 563 6.51 
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Variable 
Sheffield East Sheffield West 
n % n % 
Dental visits - Only when in 
trouble 
1651 19.37 704 8.14 
Had advice about visit 
frequency 
6163 72.3 6460 74.73 
Rate access to dentist - very 
good 
2842 33.34 3003 34.74 
Rate access to dentist - 
good 
3925 46.05 3628 41.97 
Rate access to dentist – fair 1182 13.87 1209 13.99 
Rate access to dentist - 
poor 
470 5.51 628 7.27 
Rate access to dentist - very 
poor 
105 1.23 176 2.04 
OHIP (average) 5.28 3.17 
 
As can be seen from Table 17, there are some interesting differences in multiple 
variables between the two study areas. Despite Sheffield West seeming to have a higher 
proportion of what might be considered more favourable characteristics for good oral 
health, the picture is more mixed than might have been expected. Sheffield East for 
example had a lower proportion of resident regularly using other dental hygiene 
products including toothbrushes and paste compared to Sheffield West (55.16% versus 
67.14%). Interestingly high sugar intake in both areas was remarkably similar with only 
0.23% difference between the two areas. It is noticeable though that Sheffield West had 
a higher proportion of residents who attended dental services regularly (74.07% versus 
55.80%), and a smaller proportion who only attended in emergencies (17.42% versus 
34.8%), while neither area had any residents who had never visited a dentist. The 
fluoride intake scores were interesting in that Sheffield East actually had a slightly 
higher intake of fluoride at the top end of the scale, with the scores for the two areas 
remarkably similar across this variable. It was also noticeable that the two areas (similar 
to the high sugar variable) scored very closely with regard to cake and sweet 
consumption. Such trends point towards the conclusions of Sanders et al. (2006) who 
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disputed the idea that poorer individuals care less about their oral health. Despite 
generally more favourable dental visiting patterns in Sheffield West, the opinions on 
access to dental services were again similar across the two areas. 
A further benefit of the data produced by spatial microsimulation models is that they 
can be further broken down through cross-tabulation to provide even more insight into 
certain groups. Any of the behaviour variables could be broken down by gender, age or 
NS-SEC for example. The data can also be policy relevant. For example, the South 
Yorkshire and Bassetlaw Oral Health Needs Assessment (Public Health England, 2015) 
recommends that ‘the longest interval between dental examinations for adults should be 
24 months’ (p.89). As can be seen from the data in Table 17, 10.78% of residents in 
Sheffield East, and 6.51% of residents in Sheffield West had not visited the dentist in 
the previous two years. This marks these areas out as two that could potentially benefit 
from oral health promotion, or other similar schemes, to improve this. Similarly, the 
Department of Health made a number of recommendations for oral health (Department 
of Health, 2015), including ‘clean[ing] teeth effectively twice a day with a fluoride 
toothpaste’ (p.32), as well as reducing the amount and frequency of sugar intake. As can 
be seen from Table 17, Sheffield West had 80.23% of its residents brushing twice a day 
or more compared to 70.03% in Sheffield East. With regard to sugar consumption, 
Sheffield East and Sheffield West had very similar percentages for high weekly sugar 
intake (49.92% versus 49.69%), while 17.9% of residents consumed sweets six or more 
time a week in Sheffield East, compared to 15.33% in Sheffield West.  
These figures could be used in relation to areas of policy relevance, given that the 
aforementioned recommendations would aim to improve on all of these figures. Such 
data could help policymakers identify areas of need, and in some cases the data could be 
used to aid and inform policy goals. Obviously this is a simplified example which 
would require more accurate analysis of the data and guidelines, but it gives another 
example of the advantage of using spatial microsimulation. Once policies have been 
enacted, data from spatial microsimulation models could also be used to assess the 
impacts of these on individuals and households within these microunits (Ballas et al, 
2005c). An example of this can be seen in the work of Ballas et al. (2006), who tested 
the effects of future policies on health in the city of York. 
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4.12. Conclusions 
This chapter, and the methods described in it, helped contribute towards achieving the 
second research objective of this thesis: 
 To build simulation models capable of representing these theoretical pathways 
The data from the spatial microsimulation model in this chapter would be used to form 
the basis of the agent-based models. These in turn were used to test the theoretical 
pathways on this representative population dataset. This population dataset contained 
key demographic and socio-economic data through the inclusion of the constraint 
variables, as well as each individual being assigned an appropriate value for each of the 
variables used to populate the theoretical framework described in Chapter 3. This 
allowed for an easier translation between the framework and individual characteristics.  
More broadly, this chapter has demonstrated the benefits of using spatial 
microsimulation for studying population level oral health. The flexibility to combine 
Census variables with those of a behavioural or attitudinal nature from survey data is a 
novel approach, and one that is still underused in health inequalities research, and 
particularly within Dental Public Health. The creation of a custom dataset has already 
been shown to be valuable in helping to populate the theoretical framework used in this 
research, and helps to address the lack of publicly available datasets for use on topics 
such as this. The creation of such data also allowed for a more detailed picture to be 
painted of the individuals and households involved in the analysis (Ballas et al, 2005a), 
both spatially and statistically. The deterministic nature of the IPF models used in this 
research also meant that the same output was produced when starting from a given 
position, due to the lack of randomness in the models (Ballas et al, 2005c). 
As alluded to throughout the chapter, there are also a number of limitations associated 
with the spatial microsimulation method, and the approach taken in this thesis, which 
mainly revolve around data limitations and sample size. These issues will be discussed 
in greater depth in Chapter 6 (Sections 6.5.3 and 6.5.4).  
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Chapter 5 – Agent-based modelling of tooth decay 
 
‘I think the next century will be the century of complexity’ (Stephen Hawking – 1942- 
2018) 
 
5.1 Introduction 
As mentioned in Chapter 2, previous work has used a combination of spatial 
microsimulation modelling and agent-based models to simulate population health and 
demographic trends, including an investigation of mortality projections in Leeds, UK 
(Wu and Birkin, 2012), and a simulation of student migration patterns within the same 
city (Wu et al, 2008). Similarly, agent-based models have been combined with 
theoretical concepts, including the work of Auchincloss et al. (2011), who explored the 
role of economic segregation on income differences in healthy eating, using 
hypothesised relationships from literature to design their interactions. Research by Yang 
et al. (2011) also used survey data to calibrate their model which investigated urban 
walking patterns. Thus while many models have used combinations of microsimulation, 
theory and individual-based approaches, none have combined a theoretical framework 
with a dynamic simulation model of an accurately created synthetic population within a 
dental context. This research therefore represents a new opportunity within Dental 
Public Health research.  
Some agent-based models have been concerned with the prediction and evaluation of 
certain future events and scenarios, particularly related to the spread of disease (Potter et 
al, 2012; Merler et al, 2013), and in some historical evaluations have had access to past 
data to help parameterise models (O’Neil and Sattenspiel, 2010). This research is more 
concerned with exploratory analysis however, given the difficulties in parameterising 
these models, and the lack of available data to validate any findings. Therefore, the 
trends in the data will be the focus of this research, rather than the absolute values from 
the simulation outputs. This was seen as the most appropriate use of the models, given 
that results of agent-based models should be interpreted conservatively, since they do 
not represent empirical tests but rather ‘explore the extent to which a theory is plausible’ 
(Johnson and Groff, 2014 – p.514).  
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Previous chapters have outlined theoretical pathways by which features of 
neighbourhoods may influence levels of tooth decay (see Chapter 3), as well as ways to 
create accurate populations to test such theories on (see Chapter 4). This chapter will 
now tie these elements together along with the introduction of the agent-based models, 
and provide an overview of the creation of the final simulation models used in this 
research. The following chapter is split into two sections. Section 5.2 will outline the 
design of the agent-based models used in this research. This section is presented in the 
style of the ODD protocol (Grimm et al, 2006), which was designed as a standardised 
approach for presenting the characteristics and setup of agent-based models, with the 
aim of aiding clarity and reproducibility. Section 5.3 will then present the simulation 
experiments, including details of relevant validation processes, as well as the results of 
the simulation models and a brief discussion of these. Results and validation are 
presented separately as they do not fall within the remit of the ODD protocol, which 
Grimm et al. (2006) have described as being ‘designed to describe the basic model’ 
(p.123). 
The agent-based modelling was conducted in the multi-agent programming 
environment, NetLogo (Wilensky, 1999). NetLogo is object oriented, meaning a system 
can be modelled as a set of objects, which can be controlled and manipulated in a 
certain way depending on the purpose of the model or system. This software has been 
described as being ‘low threshold, no ceiling’ (Tisue and Wilensky, 2004), a central 
principle carried forward from modelling conducted in the original Logo language 
(Logo foundation, 2016).  
 
5.2 The ODD protocol 
The ODD protocol is split into three domains: ‘overview’, ‘design concepts’, and 
‘details’. The ‘overview’ domain is divided into three further subsections. The first of 
these (‘purpose’) describes the purpose and context of a model, in order to provide ‘a 
guide for what to expect in the model description that follows’ (p.117). The second 
overview subsection is ‘state variables and scales’, which describes the structure of the 
model, the entities included in it, as well as how they are displayed, and which 
hierarchical levels may exist. The extent of the model’s spatial and temporal resolution 
should also be described here. The final overview subsection is ‘process overview and 
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scheduling’, which is concerned with listing the processes, both individual and 
environmental, that have been built into the models. 
The ‘design concepts’ domain covers a wide variety of factors, including: emergence, 
adaptation, fitness, prediction, sensing, interaction, stochasticity, collectives, and 
observation. It is not compulsory to include all of these, but elements should be 
included where relevant to the model at hand. The ‘details’ domain is also split into 
three further subsections (similar to the ‘overview’ domain). The first of these, 
‘initialisation’, details how relevant entities (i.e. individuals or the environments in the 
model) are setup at the start of each simulation, as well as the initial parameters of the 
state variables, and whether these are setup the same way each time. How initial values 
were chosen (i.e. arbitrarily, or based on theory or data) is also covered. The second 
subsection in the ‘details’ domain, ‘input’, is concerned with environmental conditions 
that change over time and space, which are dynamics imposed on some of the state 
variables.  Details on how these are generated or obtained is also important, as Grimm 
et al. (2006) state that ‘the model output gives the response of the model to the input’ 
(p.119). Finally, the third subsection (‘submodels’) presents and explains the processes 
from the ‘process overview and scheduling’ section in more detail, including model 
parameterisation. ‘Mathematical skeletons’ (p.119) of models or full model descriptions 
can be given, and cover assumptions made by underlying rules and equations, how 
parameters values were chosen, and how the models were tested (i.e. verified) and 
calibrated. 
Figure 40 shows the basic structure of the ODD protocol, and each of its sections will 
be discussed in order below. 
Figure 40 – ODD protocol outline (Grimm et al, 2006) 
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5.2.1. Overview - purpose 
The purpose of the agent-based models created in this thesis was to understand how (if 
at all) the local environment and contextual features of neighbourhoods (as defined by 
the dental, and health inequalities literature) influence spatial inequalities in tooth decay 
in an adult population, using an exploratory approach. The main aim of using this 
method was to find the most influential theoretical pathways with regard to tooth decay 
within different neighbourhoods in Sheffield.  
The need for the use of these models stems from a number of reasons. Traditional 
statistical techniques such as regression are not suited to complex scenarios involving 
adaptations, interactions, or feedback mechanisms (Auchincloss and Diez Roux, 2008). 
While Gelman (2005) illustrates the benefits of multilevel modelling, particularly being 
able to estimate the predictive effects of an independent variable separately from others, 
while also being able to control for correlation and dependence between the individual 
and area level variables, it has also been stated that ‘these models necessarily simplify 
complex interrelations’ (Auchincloss and Diez Roux, 2008 - p.2). As a result, models 
tend to segregate different elements from others, and fail to take feedback loops and 
adaptation mechanisms into account, although the complimentary nature of this method 
to agent-based models is also noted. Spatial microsimulation, while an important part of 
this research, has also been described as not suitable for the study of long term 
behavioural trends (Ballas et al, 2005a).  
Agent-based models, however, have the ability to track agent characteristics of interest 
as simulations progress and interactions occur (Gorman et al, 2006). Through this it 
may be possible to gain better knowledge of the processes occurring at the small area 
level that affect tooth decay. Agent-based models can help research move beyond 
descriptive analysis, in order to test theoretical hypotheses which in turn may offer a 
better insight into the problem at hand (Johnson and Groff, 2014; Cerda et al, 2014). 
 
5.2.2 Overview – state variables and scales 
The models consisted of two hierarchical levels: the individual level, and the 
neighbourhood environment. Individual agents comprised a number of state variables 
derived from the spatial microsimulation models, including values for the following 
census variables: gender, age, education level, quality of health, NS-SEC status, and car 
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ownership. The following oral health related variables from the ADHS were also 
assigned via the spatial microsimulation modelling: cost affecting delays in treatment, 
dental hygiene product use, cost affecting treatment type, psychological discomfort, 
advice on smoking, high sugar intake, general dental attendance, fluoride intake, sweet 
consumption, difficulty going out, cake consumption, tooth brushing frequency, advice 
on dentist visits, access to dentists, and a total OHIP score. 
The software used in this research, NetLogo, can read in a variety of external file types, 
including comma separated values (.csv) files, through the use of the CSV extension. 
This was used to import the data outputs of the spatial microsimulation modelling 
conducted in R, with each line of the file assigned to individual agents systematically, 
creating a population of agents with the demographic characteristics for the two study 
areas in Sheffield. Thus additional data (i.e. the oral health related characteristics) 
created for agents through the spatial microsimulation process that were not available in 
the Census were also imported into the agents. This allowed agents to have attributes 
relevant to the theory driving the research, which could be updated and referred to as the 
theory based rules of the simulation were run. These processes will be described in 
more detail in Section 5.2.7. The attributes of the individual agents are listed in Table 
18. Figure 41 gives an example of how the characteristics were stored ‘within’ each 
agent in NetLogo.  
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Table 18 – Overview of individual agent characteristics 
Variable Meaning 
Parameter value 
range 
Source 
Gender 
The assigned gender 
of each individual 
Male; female ADHS/Census 2011 
Age 
Grouped age bands 
at 10 year intervals 
16-24; 25-34; 35-44; 
45-54; 55-64; 65-74; 
75-84; 85+ 
ADHS/Census 2011 
Perceived quality 
of health 
Self-assessed 
quality of health – 
Likert scale 
Very good; good; fair; 
bad; very bad 
ADHS/Census 2011 
Car/van ownership 
Whether individuals 
owned a car/van of 
not 
Yes; no ADHS/Census 2011 
Education level 
Whether individuals 
were educated to 
degree level, or 
below 
Degree or higher; 
below degree level 
ADHS/Census 2011 
NS-SEC 
classification 
The National 
Statistics Socio-
economic 
Classification of 
each individual 
Large employer/higher 
managerial; higher 
professional 
occupation; lower 
managerial/professional 
occupation; 
intermediate 
occupation; small 
employers/own account 
workers; lower 
supervisory/technical 
occupation; semi-
routine; routine 
ADHS/Census 2011 
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Variable Meaning 
Parameter value 
range 
Source 
occupations; never 
worked and long term 
unemployed 
CostDly 
Whether an 
individual had to 
delay treatment due 
to cost 
Yes; no ADHS 
TPaste 
Whether individuals 
used other dental 
hygiene products 
Yes; no; I don’t have a 
toothbrush and/or 
toothpaste 
ADHS 
CostTyp 
Whether cost 
affected the type of 
treatment or care an 
individual received 
Yes; no ADHS 
PsycDisc 
Whether an 
individual felt 
psychological 
discomfort in the 
form of feeling 
tense 
Never; hardly ever; 
occasionally; fairly 
often; very often 
ADHS 
EvrAdSm 
Whether individuals 
had ever been given 
advice about giving 
up smoking 
Yes; no; I have never 
smoked 
ADHS 
HighSug 
Whether an 
individual had a 
high sugar intake* 
Yes; no ADHS 
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Variable Meaning 
Parameter value 
range 
Source 
Regular 
General dental 
attendance 
Regular check-up; 
occasional check-up; 
only when having 
trouble; never been to 
the dentist 
ADHS 
Fluoride 
Fluoride level 
(intake in parts per 
million) 
1350-1500ppm; 1000-
1300ppm; 550ppm or 
less; no fluoride 
ADHS 
Sweets 
How often an 
individual ate 
sweets 
6 or more times a 
week; 3-5 times a 
week; 1-2 times a 
week; less than once a 
week; rarely or never 
ADHS 
IpOut 
Severity of 
difficulty going out 
Continuous scale ADHS 
NCakes 
How often an 
individual ate cakes 
6 or more times a 
week; 3-5 times a 
week; 1-2 times a 
week; less than once a 
week; rarely or never 
ADHS 
ClnTthG3 
How many times an 
individual brushed 
their teeth per day 
Twice a day or more; 
once a day; never, less 
than once a day 
ADHS 
FreqDen 
How often an 
individual went to 
the dentist 
At least every 6 
months; at least once 
every year; at least 
once every two years; 
less frequently than 
ADHS 
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Variable Meaning 
Parameter value 
range 
Source 
every two years; only 
when having trouble 
EvrFrqy 
Whether an 
individual had ever 
been given advice 
about frequency of 
visits to the dentist 
Yes; no ADHS 
Rteacc 
Rate access to 
dental services 
Very good; good; fair; 
poor; very poor 
ADHS 
TotOHIP Total OHIP score Continuous scale ADHS 
*Has cakes, biscuits, puddings or pastries, sweets or chocolate or fizzy drinks 6 or more 
times a week 
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Figure 41 - Example of the characteristics given to agents, and how they were stored in 
the simulations 
 
The environments in the models were occupied by these individuals, however 
individuals did not form larger social groups or collectives at any point. The 
environments themselves were created through the NetLogo GIS extension which is 
able to read in spatial data (both vector and raster), allowing for the design of specific 
landscapes, features and contexts within models. An example of the use of both types of 
GIS data in a NetLogo simulation can be seen in the work of Dawson et al. (2011), who 
designed a model investigating coastal flood management in the Welsh seaside resort of 
Towyn. In this research the boundaries of the study areas in Sheffield were set through 
the use of administrative shapefiles (vector data), which took the form of clusters of 
LSOA boundaries (as discussed in Chapter 4) gathered from the UK Borders Boundary 
Data Selector, accessed through the UK Data Service’s Census boundary data collection 
(UK Data Service, 2011b). The agent-based modelling environment was set so that the 
‘edges’ of the environments acted as boundaries which could not be passed, rather than 
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having a wrap-around effect, where agents could reappear on the other side of the 
environment. This would not be a realistic portrayal of individual movement, and is an 
approach taken in other geographical agent-based models (Crooks, 2008). Agents could 
move between any of the LSOAs in the environment though. Chapter 2 highlighted the 
significant debate about the definition of neighbourhoods, and the difficulties in using 
administrative data to delineate these. Unfortunately, when conducting quantitative 
analysis this issue is hard to avoid, and the many methods for creating custom 
boundaries (Haynes et al, 2007; Vallee et al, 2015) were beyond the scope of this 
research. LSOAs were chosen as they represent small geographical areas that are also 
large enough to include facilities that may be of regular use to locals, particularly if 
combined in clusters. This represents the type of trade-off that can occur in such 
research.  
As mentioned in Section 4.11, further shapefiles were included which detailed the road 
network for the two study areas, in the form of Ordnance Survey stylesheets obtained 
through the Edina mapping service (Digimap, 2016). This allowed for the inclusion of 
‘geometry’ in the model, an idea suggested by Crooks (2008) which includes point, line 
or polygon based features that allow for more realistic urban environments, and the 
study of the impact of geometry in potentially influencing the outcome of certain 
processes. These layers were subsequently clipped to fit the boundaries of the two study 
areas in QGIS. The aim was that the road networks would guide the movement of the 
agents, rather than having them move around freely across open space. Further 
shapefiles (also discussed in Chapter 4) were included which contained geocoded point 
data on the locations of shops, dentists and further education facilities within each of the 
study areas. It should be noted that no further education facilities were located in the 
LSOAs that made up the Sheffield West study area, so these were not present within 
this area in the modelling. The rest of the buildings in the respective areas were also 
included in an additional layer to create a realistic looking urban environment. The 
geographical elements of the model were made accessible to the agents through the use 
of a previous GIS based NetLogo model, a path finding agent-based model set on the 
campus of George Mason University (GMU), Virginia, USA (Zhou, 2016). An example 
of the layout of this model can be seen in Figure 42, and this process will be explained 
in full in the ‘submodels’ section of the protocol (see Section 5.2.7). 
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Figure 42 – Layout of the A-star path finding algorithm model for George Mason 
University (Zhou, 2016) 
 
Additional shapefiles that contained only the location of the buildings which would act 
as destinations (identified using the point data for the locations of dentists, shops and 
educational facilities) were also required. This was because the original GMU model 
used the building layer shapefile to identify the destinations for agents. In the example 
of a university campus, all of the buildings acted as destinations for students at some 
point during the simulation, which is logical as they would all have some purpose for at 
least a sample of the student population. However, this is not practical when simulating 
larger (relative to a university campus) urban areas with hundreds of buildings, as the 
code in the model would assign each of these as destinations. Therefore, a new shapefile 
layer was created from the original building layer that contained only the buildings of 
interest (e.g. shops) for this research (see Figure 43). This was included in the 
simulation along with the original buildings layer, effectively overlaying it. This 
allowed the code to recognise only the buildings that were of relevance, and define 
these as the destinations for the agents.  
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Figure 43 - Shapefile containing only (a sample of) buildings of interest (in grey) in the 
Sheffield East study area 
 
This was problematic when two destination buildings occupied the same patch in the 
model. One example in the Sheffield West study area occurred with a dentist and a 
supermarket being located on opposite sides of the same road. In the Sheffield East 
model a similar problem was encountered. As only one destination could be placed in 
each patch, on these occasions one of the destinations was moved slightly so that it fell 
in an adjacent patch. Thus, two of the destinations were slightly removed from their 
original coordinates, but still near enough to be geographically accurate. Further 
customisation of the code allowed for buildings to be designated as different types of 
destinations, allowing agents to ‘know’ the difference between shops, dentists and FE 
facilities. These were represented with a star, and also colour coded to make them easier 
to identify in the GUI. Locations within the model did not differ by type. For example, 
dentists were not differentiated by whether they offered NHS or private services, and 
this is a potential area for future research. 
In addition to including relevant buildings, other neighbourhood based variables were 
included as ‘background data’. These did not represent physical locations like the 
aforementioned buildings, but rather important neighbourhood level characteristics of 
the local environment. These included material circumstances, employment, health 
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behaviours and social capital. As alluded to by the work of Cummins et al. (2007), in 
some situations it is preferable for neighbourhood level variables to not represent 
aggregated individual level data, and this approach was followed as much as possible in 
this research. Material circumstances were represented by data on median house prices 
(ONS, 2015) and Section 3.5 demonstrated that this variable should act as a reasonable 
proxy (Nkosi et al, 2011; Tunstall et al, 2013). Employment was represented by 
estimated weekly income data (ONS, 2009), which was seen as a suitable proxy as 
employment will directly influence income. While income data could have been 
estimated for individuals using the spatial microsimulation modelling, the income data 
in the ADHS had very few responses for both individual income (n=910) and household 
income (n=145). This would have likely reduced the sample size from the ADHS, 
which could have adversely affected the accuracy of the spatial microsimulation.  
Data on years of potential lost life were taken from the IMD health domain (IMD, 
2015a) to act as a proxy for health behaviours, which seemed a reasonable assumption 
given the links between oral health outcomes and other types of illnesses (Bailey et al, 
2004; Chroinin et al, 2016). Finally, social capital was represented by crime data, taken 
from the IMD crime domain (IMD, 2015b). Crime was taken as a proxy for community 
cohesion, as similar measures of social disorder including homicide rate have been used 
in an oral health context for this concept previously (Pattussi et al, 2001). The latter two 
variables were available at the LSOA level, which meant that this data could easily be 
assigned to each LSOA using QGIS. However, the former two variables were only 
available at the MSOA level, and due to data shortages, this information was manually 
added to the relevant LSOAs. This meant that some neighbouring LSOAs shared the 
same score for some variables, however there was still enough difference across the two 
study areas in these variables to make the exercise worthwhile. The background 
variables and their data sources are presented in Table 19.  
It should be noted that the four background variables were also assigned to individuals. 
This was a practical decision, as during the simulation it was far less computationally 
intensive for agents to check their own characteristics than to stop to check the 
characteristics of the patches of the model at every step. 
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Table 19 – Background variables used in the simulations 
Variable Meaning 
Parameter value 
range 
Source 
Material 
circumstances 
Median house 
price statistics for 
small areas 
(MSOA) 
£63,000 - £256,500 
(continuous scale) 
Office for National 
Statistics (2015) - 
Neighbourhood 
Statistics 
Employment 
Model based 
income estimates - 
per week (MSOA) 
£449.62 - £1321.69 
(continuous scale) 
Office for National 
Statistics (2009) – 
Neighbourhood 
Statistics 
Health behaviours 
Years of potential 
life lost – age and 
sex standardised 
measure of 
premature death 
(i.e. before 75 - 
LSOA) 
49.192 - 79.736 
(continuous scale) 
Indices of Multiple 
Deprivation (2015) 
– Health domain 
Social capital 
Crime score - 
combined data on 
violence, burglary, 
theft and criminal 
damage per 1000 
individuals 
(LSOA) 
-1.302 - 0.637 
(continuous scale) 
Indices of Multiple 
Deprivation (2015) 
– Crime domain 
 
The final point in this section regards the temporal element of the models. In NetLogo 
models proceed in ‘ticks’, which are arbitrary time units. These ticks can be assigned 
values depending on what type of system is being studied, and the timescale over which 
this study takes place. In this research the ticks refer to days, with models running for 
730 ticks to represent a timescale of 2 years. This was chosen based on advice from 
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Professor Zoe Marshman, from the Unit of Dental Public Health in the School of 
Clinical Dentistry, specifically that (while difficult to define an exact time period) tooth 
decay often takes 2-3 years to develop from start to finish. The lower bound of this (two 
years) was chosen for practical reasons, as adding another 365 ticks to each model run 
would have greatly increased the computational time to run the models. 
 
5.2.3 Overview – process overview and scheduling 
As mentioned in the previous paragraph, the models proceeded in daily time steps. 
Within each time step, three processes occurred in the following order: agent 
movement, agent interactions with the environment, and updating of agent 
characteristics. It was also possible for the ‘updating of agent characteristics’ to 
influence ‘agent interactions with the environment’, and this will be explained in more 
detail in Section 5.2.7. A fourth process, time lag events affecting agents, was separate 
and only related to the ‘updating of agent characteristics’ process. Agent movement 
concerned the way agents interacted with, and used the road network to navigate the 
environment in the model, which occurred every tick (or day). Agent interactions with 
the environment occurred when agents reached a certain point on the road network (i.e. 
relevant buildings), and as such there was not a defined time point, or tick on which this 
happened. The updating of agent characteristics occurred either when an agent 
interacted with an environmental location, or, as part of the fourth process in the model, 
when a time lag event influenced an agent’s characteristics in some way. These time 
lags processes differed depending on the process in question, and were either at 7 or 14 
day intervals. As per the guidelines set out in Grimm et al. (2006), the above four 
processes will be discussed in full detail in the ‘submodels’ section of the ‘details’ 
domain. The processes listed above and their scheduling are depicted visually in Figure 
44. 
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Figure 44 – Diagram representing the scheduling of events in the agent-based models 
 
5.2.4 Design concepts 
Emergence: Aggregate tooth decay scores for each of the study areas emerged from the 
tooth decay scores of individual agents, which were in turn influenced by agent 
behaviours and interactions with their environment. These behaviours and interactions 
were represented by theoretical rules, with trends taken from the Dental Public Health 
literature used to define rules for tooth-brushing, diet, sugar intake, attendance rates, 
material circumstances, smoking, stress, purchasing power, financial constraints, dental 
knowledge, social capital, employment, social hierarchy position, education, and 
interactions with shops, dentists and further education facilities,  
Adaptation: Agent characteristics could ‘adapt’ as the model progressed, as the scores 
associated with certain variables changed over time based on their own characteristics, 
as well as interactions with their environment. The changing of these scores had the 
potential to push them over/under a given threshold, which may change how processes 
affected them later in the simulation.  
Sensing: Individuals were assumed to know their own socio-demographic 
characteristics (i.e. age, NS-SEC category, education, income), as these influenced the 
processes that affected them over the course of the simulation. Agents were also aware 
of the neighbourhood characteristics of where they were from (i.e. social capital, 
material circumstances), the values of which also affected them over the course of the 
simulations. 
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Interaction: Agents interacted directly with their environment through three 
mechanisms: interactions with the road network, interactions with point based locations, 
and interactions with environmental (‘background’) variables. Time lag processes also 
interacted with agent characteristics as the simulations progressed. These interactions 
were modelled explicitly. Agents did not interact with each other within the simulations.  
Stochasticity: The behaviours of agents when visiting point based locations were based 
on probabilities. These were used firstly to differentiate the probability of visiting a 
given location based on differences in educational attainment (as per the literature), and 
also to allow for an element of randomness in the model. This was important when 
modelling reactive agents, where it would be a mistake to assume that expected 
behaviours would occur on every occasion. The use of attendance probabilities and a 
random number generator to determine visiting patterns meant that these could differ 
from their expected distributions. 
Collectives: Individuals were not grouped into collectives. Individuals differed in their 
behaviours and interactions in some processes (i.e. visiting neighbourhood based 
locations) based on certain shared characteristics, but were not grouped by these 
variables explicitly. 
Observation: For the testing of the models, the effects of each pathway as well as agent 
movement were observed process by process in a simplified environment. For the 
analysis of the final model only one population level variable was observed, this being 
the simulation of the tooth decay scores for each individual which was summed to 
create an aggregated decay score for each study area. This was used as the final 
outcome variable for each of the different simulations. These scores were compared 
across simulations to assess the effects of different combinations of theoretical 
pathways on the outcome variable.  
The ‘fitness’ design concept was not modelled, as the research was more concerned 
with the overall trends in the data, and how these changed between simulations, rather 
than with the exact values emerging from each simulation. There was also no empirical 
data available to fit the data against. The ‘prediction’ design concept was also not 
modelled, as agents did not make predictions about their future state, instead acting on 
their characteristics at a given point in time. 
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5.2.5 Details – initialisation  
Upon initialisation, the Sheffield East study area was occupied by 8,524 agents, while 
the Sheffield West study area was occupied by 8,644 agents. Each simulation run 
started at the beginning of the study time period, which equated to 2011 based on the 
use of Census data from this year to create the agent population (through the spatial 
microsimulation modelling). For this exploratory research, the initialisation of the 
models was influenced by the two experiments that were undertaken. The first 
experiment involved adding the theoretical pathways one at a time to consecutive 
iterations of the model, leading to each new initialisation of the model containing an 
extra pathway to the previous one. Due to this approach, in the first experiment the built 
environment did not change notably with the initialisation of each new iteration of the 
model, while the theoretical rules applied to the agents and the environment did.  
While the ability to add constructs or variables of interest one at a time is similar to 
approaches that regular multiple regression models could run, within the agent-based 
models the agents and environments were dynamic, interactive and ever changing, 
adding an element that cannot easily be replicated using conventional statistical 
approaches. By adding the pathways one at a time, the overall effect on the model was 
assessed after each model run, with the idea being to identify which of the pathways 
influenced and changed the outcome score the most. This also allowed for analysis 
between the two study areas, to see if these effects were the same in both. The process 
of sequentially adding the pathways is represented in Table 20. Similar approaches have 
been taken before within geographical agent-based models, such as Crooks’ (2008) 
work, which iteratively increased the percentage of preference for living with similar 
types of individuals in a model of residential segregation in London, finding that the 
most notable variation occurred at 50%, when segregation rose the most. The approach 
taken in this research was not too dissimilar to this, in that pathways were added 
iteratively to assess the impact on the outcome variable from these additions. 
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Table 20 – Simulation runs and included pathways in each iteration 
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1 X              
2 X X             
3 X X X            
4 X X X X           
5 X X X X X          
6 X X X X X X         
7 X X X X X X X        
8 X X X X X X X X       
9 X X X X X X X X X      
10 X X X X X X X X X X     
11 X X X X X X X X X X X    
12 X X X X X X X X X X X X   
13 X X X X X X X X X X X X X  
14 X X X X X X X X X X X X X X 
 
The second experiment could not be as easily replicated by traditional statistical models, 
and involved adding new physical attributes to each of the study areas which agents 
could interact with. This highlights the exciting potential of these models. In theory 
these physical attributes could include a range of additional buildings such as 
supermarkets and shops, or more abstract concepts such as advertising and marketing 
campaigns. Marketing campaigns promoting beneficial oral health practices could be 
placed at bus stops for example, to see what the effect on the model (compared to a base 
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simulation) might be. In this research an additional shop was added to each of the study 
areas to investigate if, hypothetically, more shops in an area would impact on the tooth 
decay scores of residents. This approach was beneficial in that the theory surrounding 
shops and the effects of visiting these had already been programmed into the model. 
Thus the second experiment resulted in a change to the built environment from that seen 
in previous iterations of the model. 
For the Sheffield East study region Google Maps (Google Maps, 2017a) was consulted 
alongside the extend of the study area in QGIS. Building locations were assessed from 
an aerial view to judge their suitability as a potential location for a new shop. This part 
of Sheffield contains large areas of industrial buildings, which were perceived as large 
enough spaces to accommodate a new shop. An area to the north-east of the study 
region was identified with an abandoned building which was chosen as the site for the 
new shop. This is shown in Figure 45.  
Figure 45 – Location of new shop within the Sheffield East study area 
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While this location may seem a little arbitrary, the focus of this research was 
exploratory and therefore more concerned with demonstrating what the method can do, 
and help with, than applying the exact methods associated with location allocation 
models which may be used to assess suitable locations for new shops. Such methods 
have been studied in a dental context before (Horner et al, 2007), and could be added to 
future analyses. The new shop locations (along with the existing shops in the study area) 
were identified in the existing shapefiles in QGIS, and a new shapefile layer created to 
represent the (now) seven shops in the study area. This was loaded into NetLogo in 
place of the original shop location shapefile. A similar process was undertaken for the 
Sheffield West study area using Google Maps (Google Maps, 2017b), although as this 
area was almost exclusively residential a random building in the middle of the 
simulation study area was selected (most of the other destination buildings were located 
towards the periphery of the study area). This can be seen in Figure 46. 
Figure 46 – Location of new shop within the Sheffield West study area 
 
In addition to changes in the theoretical rules as part of the first experiment, and the 
physical environment as part of the second experiment, the road networks in the model 
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also varied slightly in their setup each time the model was re-initialised. This was 
because in the GMU model the layout of the nodes and connections between them 
changed slightly each time the model was setup. As a result of this, the nodes and links 
created in the simulation did not always accurately reflect the road and path networks of 
the university. When tested on the models for the two Sheffield study areas this had the 
effect of creating slightly inaccurate road networks (see Figure 47), with nodes and 
connections moving through buildings at certain points.  
With the exception of the new locations of the additional shops added for the second 
simulation experiment, the locations of all other shops, dentists and educational 
facilities, and the coloured patches associated with these, were consistent in their 
initialisation location in each iteration of the model. Finally, the starting location of each 
agent differed each time a different iteration of the model was initialised, with agents 
not always starting the simulation in their ‘home’ LSOA (i.e. the LSOA for which they 
had been created in the spatial microsimulation modelling). 
Figure 47 – Example of the mismatch between the road network (blue) and the 
nodes/links (orange) in the Sheffield East study area 
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5.2.6. Details – input 
Grimm et al. (2006) state that ‘the dynamics of many IBMs are driven by some 
environmental conditions which change over space and time’ (p.119), when referring to 
the effects of ‘input’ on agent-based models. The authors also state that model inputs 
may vary over space and time, and are ‘imposed dynamics of certain state variables’ 
(p.119), using the examples of precipitation and harvesting regimes in their document. 
The agent-based models used in this research did not include input features of this 
nature. While the addition of pathways one at a time changed the theoretical background 
of the models, and the addition of extra shops changed the built environment, these 
features did not change over the course of a model run. In other words, once a model 
run had started, the environmental conditions remained constant throughout the rest of 
the simulation. This is similar to other agent-based models that did not have input 
variables of this kind, such as the SLUDGE (Simulated Lane Use Dependent on eDGe 
Effect externalities) model described by Polhill et al. (2008). While it was noted in 
Section 5.2.5 (‘Initialisation’) that the road network varied slightly each time the models 
were initialised, this was more a quirk of the model design, rather than something that 
naturally changed or was designed as a variable environmental input. 
 
5.2.7. Details – submodels 
There were four submodels covered in the ‘process overview and scheduling’ section of 
the ‘overview’ domain, and these will be described in more detail in this section. Firstly, 
agent movement within the models will be described, including the probabilities 
associated with movement and the testing of the method for implementing movement 
within the models. Grimm et al. (2006) have stated that the ‘submodels’ section of the 
ODD protocol should cover how models were tested and calibrated, so the verification 
of agent movement will also be covered. Secondly, agent interactions will be detailed, 
including a summary of each interaction between an agent and its environment. Thirdly, 
the updating of agent characteristics will be detailed, including how agent 
characteristics could change, and how the theoretical pathways were incorporated into 
the models to do this over the course of the simulations. The verification and calibration 
of these pathways will also be covered. Finally, the time lag events that affect agents 
will be described, with an explanation of the different time lags involved. 
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Agent movement within the models 
Movement in the agent-based models was based on a previous NetLogo model of 
student movement at George Mason University (Zhou, 2016 – see Section 5.2.2). This 
process began with agents selecting a random destination at the start of the simulation 
and calculating the shortest path to this destination. The agents then navigated the nodes 
and links, which were created based on the road and path data obtained from the 
university, in order to reach their chosen destination. The model used the A-star path 
finding algorithm to define this movement, which was developed by Hart et al. (1968), 
building on earlier work from Edsger Dijkstra (1959). The algorithm works by 
searching through all possible paths in the model that lead to the desired destination, 
aiming to find the path that results in the smallest ‘cost’. This could be the least amount 
of time taken to reach the destination, or the shortest distance covered to reach a 
destination. In this case the model was based around finding the shortest distance, rather 
than saving time. Within Zhou’s example NetLogo model, once an agent had reached its 
destination it stayed there for one step (or ‘tick’) in the model, before moving onto the 
next randomly selected destination. This was deemed an appropriate approach for this 
research, as it would allow agents to move between and visit different destinations 
based on a road network or grid. As highlighted in Section 5.2.2, extra geographical 
data were included (with edits made to the model’s code) so that agents could tell 
destinations apart, and aim for a destination different to the one they were previously at. 
Due to the issues associated with the initialisation of road networks in the GMU model 
(see Section 5.2.5), a second GIS based NetLogo example was also considered. The 
Venice model (Densmore, 2010) was created as part of a collaborative project with the 
Venice City Water Traffic Department, and used nodes and links to recreate the 
waterways of Venice, while agents in the form of boats navigated the city’s canal 
network (see Figure 48). Figure 49 offers a ‘birds-eye view’ of the model using 
NetLogo’s 3D viewing feature. 
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Figure 48 – Areal contextual view of the Venice model (Densmore, 2010) 
 
Figure 49 – Closer view of the Venice model in NetLogo’s 3D viewer (Densmore, 2010) 
 
This was similar to the GMU model in that it used links to allow agents to traverse the 
city’s waterways, however the advantage of the Venice model was that the links and 
nodes represented the exact positioning of the canal network, and initialised in the same 
way each time. This allowed for spatial explicitness to be included within the 
simulation. One downside to the model was that (at least in the prototype model 
available online - http://backspaces.net/wiki/NetLogo_Bag_of_Tricks) the agents 
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navigated random routes through the canals, with no obvious goal or destination. This is 
acknowledged by the model’s creators.  
A test simulation combining elements of the two models was therefore analysed to 
assess its usefulness. The path finding capabilities of the GMU model were combined 
with the methods for creating the canals in the Venice model, creating a geographically 
explicit model allowing agents to move between destinations. However, several 
downsides were noted. Firstly, some roads in the study areas were ‘cut-off’ from the 
simulation as they were not connected to the main road network. This was due to the 
extent of the LSOA boundaries, which are designed to capture population rather than 
physical features. This can be seen in Figure 50, which visually represents the Sheffield 
East study area after the aforementioned changes. A further increase to the buffers used 
to clip the road network was considered to counter this, however this was not pursued as 
it would likely have led to at least a small sample of the roads being ‘cut-off’ again in a 
different location. Beyond modelling the whole of the UK it would be hard to create any 
simulation that would not cut roads off at some point. 
Figure 50 – New layout of the roads (orange) in the Sheffield East model, with some 
(blue) cut off 
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A second concern was the length of time this new simulation setup took to run. Due to 
nodes and links being set up in the exact positioning of the roads there was an increase 
in the number of these that agents had to traverse, which led to the model being far 
slower than either the GMU or Venice models individually. Some took a week or more 
to run for a relatively low number of ticks, compared to equivalent models using the 
GMU set up, which finished in less than a day. A third issue concerned agent movement 
within the models. Both models were tested to check the frequencies of visits to certain 
facilities compared with pre-defined parameters (this will be explained in greater detail 
on pages 187 and 189), for which the GMU model showed a greater consistency than 
the combined model. Finally, the number of visits to certain facilities was far lower in 
the combined model than in the GMU model, which meant that an already more 
computationally intense model would need to run for even longer to mimic the same 
time period as the GMU model. Given these concerns over speed and accuracy, it was 
decided that the GMU setup procedures would be used for the final simulations. Further 
testing of the GMU model showed that increasing the size of the model made the links 
and nodes more geographically accurate. This can be seen in Figures 51 and 52. 
Figure 51 – The 16x16 grid GMU model for Sheffield East 
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Figure 52 – The 32x32 grid GMU model for Sheffield East 
 
This is perhaps logical as more patches allow for a finer level of detail to be included in 
the model; however, this again led to significant reductions in speed when running the 
model, so the 16x16 grid was used for the final simulations. This demonstrates another 
example of the types of compromise that exist in this type of research, which essentially 
represented a trade-off between speed and geographical accuracy. The combination of 
the Venice and GMU models would have been far too computationally intensive, and 
taken far too long for this research, and while increasing the grid size of the final model 
allowed for a more geographically accurate environment than the original GMU model, 
this again led to difficulties in running the simulation. Ideally future research should 
look to explore the possibility of geographically explicit models, and making these 
computationally viable. The 16x16 model still covered all of the main transport routes 
in each of the study areas, and agents were still able to traverse these to get to the 
correct locations, so the model was deemed fit for use. 
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Having finalised the method of movement, agents were set upon an initial course at the 
start of the model to a nearby facility based on probabilities. These probabilities differed 
based on the characteristics of the individuals, and are listed below in Table 21. The 
conceptual idea behind these probabilities was that different groups in society have 
different patterns of visiting the destinations in the model, and these probabilities 
represent a crude way of differentiating these behaviours. For example, attendance is 
known to vary by socio-economic status (Eckersley and Blinkhorn, 2001), which in this 
research was represented by the NS-SEC variable.  
However, the use of the NS-SEC variable caused concern given the structure of the 
data, which is not intended to be hierarchical in nature (ONS, 2010), a rule which relates 
to both the 8 group and 5 group classifications. The 3 group classification could be 
considered hierarchical, however this is still conceptually problematic and less than 
ideal (ONS, 2010). Therefore, the NS-SEC data was not used as a way to differentiate 
agent behaviours, with education data used as a proxy for this instead. Education is also 
a theoretically relevant variable, and has been shown to be related to oral health related 
behaviours by a number of previous investigations (Chu et al, 1999; Williams et al, 
2002; Singh et al, 2013). Riley et al. (2006) found positive associations between 
education and dental attendance, so it was therefore assumed to be a suitable proxy for 
driving the visiting probabilities of the agents in this research,.  
Table 21 - Probability of movement to destinations, based on educational attainment 
(Sheffield East) 
Agent characteristic Action Probability of action 
Has degree Movement to dentist 20% 
Has degree Movement to shop 60% 
Has degree Movement to FE 20% 
No degree Movement to dentist 10% 
No degree Movement to shop 80% 
No degree Movement to FE 10% 
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Probabilities have been used to drive the dynamics of agent-based models on numerous 
occasions (Grimm et al, 2006; Tracy et al, 2014; Olivella-Rosell et al, 2015), and are 
often informed by mathematical formulas based on known characteristics of agents or 
their environments. However, defining probabilities is a difficult task. None of the 
previous oral health focused agent-based models used probabilities for dental visits in 
relation to other neighbourhood based features, so there was no previous work on which 
to base such probabilities for this research. From studying the literature, it became clear 
that attendance patterns varied by deprivation, however this was not a quantifiable 
effect, either individually or relative to visiting patterns of other locations. There is also 
a lack of official data with which to compare attendance rates between different 
locations. The United Kingdom Time Use Survey (Gershuny and Sullivan, 2017) was 
investigated for its potential use, however this contained no specific data on visiting 
patterns to dentists.  
The probabilities in Table 21 therefore represent an attempt to quantify, as logically as 
possible, the visiting patterns for both groups, based on education acting as the 
differentiating variable. Conceptually shops were assumed to be the most likely 
buildings to be visited, given that shopping likely occurs more often than visits to 
dentists and further education centres. Therefore, both education groups had their 
highest visiting probabilities for these locations. Dentists and FE locations were then 
given equal weighting in both areas as they were presumed to be less frequently 
attended. Based on the literature however, those with higher levels of education were 
given a higher probability of attending the dentist and FE locations. It is important to 
remember that this was exploratory research, and due to the lack of guidance in 
previous literature and official data these experimental probabilities represented a first 
attempt to quantify such interactions, and as such were deemed appropriate for use in 
this analysis. These probabilities could be changed in future research.  
The probabilities were implemented using the ‘random-float’ feature in NetLogo. This 
function produces a random number between zero and a defined ceiling, which in this 
case was set to 1. For agents with a degree living in the Sheffield East study area, if the 
random number fell between 0 and 0.2 then the agent would head to the nearest dentist. 
If the number generated by the random float function was over 0.2 and below 0.8 they 
would head to the nearest shop, and if the number was equal to or over 0.8 the 
individual would head to the nearest FE facility. Once an agent had arrived their next 
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location would be chosen based on the probabilities of attending one of the other two 
location types. In other words, if an agent went to the dentist, their next destination 
would be either a shop or FE facility (although FE facilities were only present in the 
Sheffield East study area). This was an attempt to mimic real life behaviour, by making 
the assumption that it is highly unlikely that individuals would visit the same type of 
facility twice in a row.  
As there were no educational facilities present in the Sheffield West study area, having 
instructions to send agents to such facilities would be meaningless if the locations did 
not exist. For the Sheffield West study area, the probabilities were therefore edited from 
those in Table 21 to reflect the fact that only shops and dentists were present in this 
area. These probabilities can be seen in Table 22 below. In order to maintain the 
educational difference between the groups, the probability of attending a dentist was 
changed to 25% for those with a degree, and 15% for those without. 
Table 22 - Probability of movement to destinations, based on educational attainment 
(Sheffield West) 
Agent characteristic Action Probability of action 
Has degree Movement to dentist 25% 
Has degree Movement to shops 75% 
No degree Movement to dentist 15% 
No degree Movement to shops 85% 
 
The probabilistic nature of the model therefore meant that an element of randomness 
was included, which was important when trying to model reactive agents, where it 
would perhaps be a mistake to assume that expected behaviours would occur on every 
single occasion. While agents in theory should attend a given facility a certain number 
of times, this could deviate slightly, leading to changes in agent characteristics. As it 
was not known if such changes would affect the outcome of the models, each simulation 
was run 10 times, and an average score taken from these. Taking the average of multiple 
runs has been used before in geographical agent-based modelling (Crooks, 2008), 
although 50 runs has been identified as an appropriate number based on previous 
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research (Malleson et al, 2010). The computational intensity and timescales involved 
meant that this was not possible when running as many models as were needed to test 
the theoretical pathways in this research.  
Before running the simulations, the agent movement functions needed to be tested, or 
verified. Verification forms an important first stage in the process of evaluating an 
agent-based model. Castle and Crooks (2006) suggest this process should involve 
‘checking the model behaves as expected’ (P.35), or inner validity (Brown, 2005). 
Xiang et al. (2005) add that verification involves checking that the ‘programming 
implementation of the abstract or conceptual model is correct’ (p.47), and involves steps 
such as debugging code, identifying incorrect theoretical model implementation, and 
verifying calculations. Agent-based models can be very complicated in nature, often 
with many interacting sections of code running simultaneously. Therefore, it was vitally 
important to thoroughly check each element of the model to make sure that it was acting 
as it should. Although verification is sometimes confused with validation, it is a 
separate step, as validation involves analysing the extent to which a model represents 
the system being studied (Castle and Crooks, 2006). For the agent-based models of the 
two Sheffield study areas the process of verification involved separating the model out 
into its more distinct parts, and testing these separately, so that only the process of 
interest could be studied. It was important to confirm that individual processes were 
working correctly, as these would combine with the other processes to contribute to the 
emergent phenomena of the model, and its overall outcome.  
The aim when verifying the code associated with agent movement was to make sure 
that, roughly speaking, the different groups were visiting the three types of physical 
locations in the model in proportion to their expected probabilities. This verification test 
took place in a simplified version of the Sheffield East model (no theory code was 
included), due to the lack of FE locations in the Sheffield West study area. Monitors 
were included within the NetLogo GUI to count the number, and type of agents arriving 
at each destination, with the model running for 100 ticks with 100 agents. The results of 
this are displayed below in Table 23.  
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Table 23 - Expected versus actual visits to destinations, by educational attainment 
Variable Expected visits (%) 
Actual visits in test 
simulation (%) 
Dentist visits – degree 
(Got_to_dentist_D) 
20 20.4 
Dentist visits – other qual 
(Got_to_dentist_O) 
10 8.8 
Shop visits – degree 
(Got_to_shop_D) 
60 57.4 
Shop visits – other qual 
(Got_to_shop_O) 
80 81.1 
FE visits – degree 
(Got_to_FE_D) 
20 22.2 
FE visits – other qual 
(Got_to_FE_O) 
10 10.1 
 
As can be seen from Table 23, the percentage of individuals from each educational 
group matches roughly (given the potential for variation within the model) what would 
be expected based on the allocated probabilities. As such this section of code was 
deemed fit for use within the final model.  
 
Agent interactions with the environment 
As mentioned in Section 5.2.2, the locations of shops, dentists and FE facilities were 
marked by colour coded patches. This served a practical purpose as it allowed 
instructions to be given to agents based on the colour of the patches they were on at a 
given time. For example, if an agent crossed a pink patch, instructions based on 
behaviours in a shop were carried out by the agent. Within NetLogo the ‘gis:intersects?’ 
function allows users to define certain patches depending on whether or not they 
intercept features within shapefiles. This was considered as an alternative to allow 
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agents to identify different building types, however due to the size of the patches this 
function often led to much larger areas around the destinations being incorrectly 
assigned as buildings, so was not used. 
Within this research the agent interactions were based on the idea of thresholds, or the 
idea that an agent’s behaviour, or the effects on an agent from a certain interaction, may 
differ depending on whether the score for certain agent variables were above or below 
predefined thresholds. As models progress an agent’s score may change, pushing them 
to the other side of this threshold, hence changing their behaviour or outcome. Such 
approaches can be advantageous to agent-based models when associated behaviours are 
well known and documented (Heppenstall et al, 2016), with Wang et al. (2016) using 
thresholds based on the oral health status of agents to determine referral patterns, as 
well as to designate more influential members of peer groups. Thresholds have also 
been used in agent-based models of land use, such as aspirational break-even thresholds 
for activities on parcels of land (Matthews et al, 2007).  
As mentioned in the previous section on agent movement, there were concerns over the 
use of the NS-SEC variable due to its non-hierarchical nature. Some agent interactions 
used social hierarchy position (represented by the NS-SEC classification) as a 
differentiating concept, so use of this variable was therefore necessary. To avoid 
violating the data structure of this variable one group (group 8 – ‘long term unemployed 
and never worked’) was chosen to act as the reference category throughout the research, 
while the other seven groups felt the opposite effect to this class. While this was a 
slightly crude assumption, it avoided violating the conceptual structure of the data, and 
matches the dichotomous way that employment and unemployment have been studied 
in previous oral health related research (Roberts-Thomson and Stewart, 2008; Costa et 
al, 2012). A full list of the agent interactions present in this research is provided below. 
 Agent-dentist interactions: Upon encountering a patch containing a dentist, 
agents either derived benefit or saw a negative effect on their health depending 
on their individual characteristics. For example, agents who had the 
characteristic of attending the dentists every six months found that their dental 
knowledge increased (through increased fluoride intake), which could have a 
positive effect on their teeth if this pattern continued. Conversely, those with 
less regular attendance patterns saw their dental knowledge decrease, which in 
the long term could adversely affect their tooth decay score.  
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 Agent-shop interactions: Once an agent had arrived on a patch containing a 
shop, if their NS-SEC score was equal to 8 their sugar intake increased. In the 
long term this would mean they were more likely to experience adverse effects 
of sugar intake through their tooth decay score. Conversely, those with an NS-
SEC score between 1 and 7 saw their sugar intake decrease, which could 
decrease their tooth decay score over time.  
 Agent-educational facility interactions: Local educational facilities were 
included that provided apprenticeships, further training or further education for 
adults. Adults without educational qualifications and aged 16-24 were attracted 
to these facilities, which were only present in the Sheffield East simulation. 
Attendance at these locations increased the individual’s dental knowledge (a 
proxy for dental education), which in the long term could have a positive effect 
on the individuals’ tooth decay variable. 
 Agent-material circumstances interactions: Material circumstances were 
represented by background data in the model (and subsequently within the 
agents as well), in the form of median house price statistics (ONS, 2015). 
Agents assessed this data at various time points throughout the model, and 
depending on the value associated with their area, would experience a different 
effect. The mean of the house price data for each of the two areas was used as a 
threshold to differentiate between individuals.  House price values were 
checked, and if the house price for a given agent’s MSOA was above the mean 
threshold they derived a positive effect, with adverse effects for those whose 
value fell below the mean threshold. For example, if the house price for an area 
was above the mean threshold the corresponding agents would see their 
psychological stress variable reduce, and vice versa. 
 Agent-employment interactions: Similar to the ‘agent-material circumstances’ 
interaction, employment data were stored as background and individual data 
within the model, this time in the form of model based estimates of income for 
MSOAs (ONS, 2009). Those with a value above the mean threshold would 
derive benefit, while those with a score below it experienced a negative effect. 
For example, MSOAs with average income above the mean threshold would see 
the tooth decay score of corresponding agents decrease, and vice versa. 
193 
 
 Agent-health behaviours interactions: As with the previous two interactions, the 
data for health behaviours were stored as background data in the model as well 
as within the individual agents, and checked periodically. Health behaviour data 
were represented by the average years of lost life per LSOA (IMD, 2015a). 
Those with a score above the mean threshold derived a positive effect, while 
those with a score below it experienced a negative effect. In this case LSOAs 
with a higher value for years of lost life could see the fluoride intake scores of 
corresponding agents decrease, and vice versa. 
 Agent-social capital interactions: Social capital was also included as a 
background variable and an individual characteristic, and checked periodically. 
The mean value again acted as the effect threshold, with those scoring above this 
threshold deriving a positive effect, and those scoring below the threshold 
experiencing a negative effect. The data for social capital were represented by 
data from the 2015 Indices of Multiple Deprivation crime domain for each 
LSOA (IMD, 2015b). For example, this could entail an increase in 
psychological stress in agents from LSOAs with higher crime scores, and vice 
versa. 
 Agent-road interactions: Agents within the model interacted with the road 
network as a way of moving around the study areas. As described in the 
previous section (‘Agent movement within the models’) this was accomplished 
by turning the road network into a series of links and nodes that the agents could 
travel on and between. While it was not possible to include all of the pedestrian 
walkways in the city, following the road network at least allowed agents to 
travel to and from locales in a logical manner, most of which were accessible by 
road (or pavements adjacent to these).  
 
Updating agent characteristics  
Both individual characteristics and tooth decay scores increased or decreased by 0.01 
(depending on the characteristics of the individual) upon the implementation of the 
theoretical pathway rules. This allowed for an agent to cross at least one threshold 
during the 730 ticks of the models runtime with all of their associated variables, 
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although there was no guarantee of this happening given the number of processes 
occurring at the same time (i.e. an increase in one variable could be cancelled out by a 
decrease due to another section of the code). The subtraction as well as the addition to 
the tooth decay scores was designed as an attempt to keep the tooth decay variable more 
balanced in the populations, so that it did not increase too much.  
Within the models there needed to be some way of increasing or decreasing the tooth 
decay variable over time, as it would seem less appropriate to simply reach a certain 
point in the model and have an agent’s tooth decay score change by +/- 1. A seemingly 
more realistic approach would be the build-up of conditions in the agents over time that 
lead to their tooth decay scores increasing or decreasing. According to the life course 
perspective, specifically the accumulation model, some health related processes take 
longer to occur due to exposures over the life course gradually accumulating, which can 
cause long term damage to health (Sisson, 2007). As mentioned before, previous 
literature would seem to support this view, with Mitchell et al. (2002) citing the longer 
term effects of unemployment on health, while specific examples of the longitudinal 
effects of earlier life conditions have been demonstrated in relation to tooth decay 
(Poulton et al, 2002; Thomson et al, 2004). Despite some authors arguing that mortality 
and morbidity rates can change suddenly (Mackenbach, 2012), the accumulation model 
approach was deemed appropriate to base the simulations on. While the critical periods 
life course model is equally valid, this would be harder to implement programmatically, 
as it is harder to conceptually define when these periods would be.  
The changing of tooth decay scores and other agent characteristics worked as follows. 
Table 18 showed that individuals have a ‘sugar’ variable, containing information on 
sugar intake. If testing Pathway 3 (see Section 3.5), the sugar variable could be updated 
after an agent had visited a shop, increasing or decreasing the variable to represent 
higher or lower intake through their shopping choices. This could then be used as a 
reference point later in the simulation when judging the health damaging behaviours of 
agents. The background, or neighbourhood based data presented in Table 19 were 
utilised in a similar way. The ‘material circumstances’ variable for example could be 
used to influence the decision of an agent in a given area. Depending on the material 
circumstances of an agent’s neighbourhood, variables such as an individual’s 
‘purchasing power’ could be influenced in the model, which could have knock on 
effects on their shopping habits, represented by their sugar intake later in the pathway. 
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The continual reference to, and updating of individual characteristics within the model 
allowed it to be truly dynamic in nature over time. In line with this, individual 
characteristics were stored as integers rather than factors, to allow addition and 
subtraction to occur.  
In order for agent characteristics to be updated, the theoretical rules of the model needed 
to be defined. This presented an issue with regard to implementing theory in an applied 
simulation model. Theoretical concepts cannot simply be transferred into an agent-
based model, and there needed to be an intervening stage for this to occur. For example, 
conceptual ideas need some form of hard data in order to be operationalised and 
represented in quantitative or simulation modelling. This was covered in Chapter 3, 
where the theoretical concepts from the pathways were operationalised, with these data 
acting as proxies for the theoretical concepts within the agent-based models.  
A further issue concerns the overall structure of the pathways. The visualisations in 
Chapter 3 (see Figures 3-7) show these pathways are interlinked and at times complex 
in nature. This would be complicated to incorporate into a simulation model in its 
entirety, so an alternative approach was taken. Each of the features of the framework 
were broken down further into individual pathways, established through manually 
checking the original theoretical structures, and creating new pathways whenever a 
different route to inequalities in tooth decay was identified. This approach simplified the 
theoretical models and allowed them to be included in the simulations, while also 
maintaining all of the theorised pathways by which neighbourhoods may influence tooth 
decay. Despite the individual pathways not being in the same collective structure that 
was shown in Chapter 3, all of the pathways could still be run at the same time within 
the simulation, allowing for the dynamic interactions of the model to take place, and for 
multiple variables to be influenced at once by others.  
Table 24 shows each of the individual pathways taken from Figures 3-7. Pathways 1 
(Figure 3) and 5 (Figure 7) were not included. Pathway 1 (‘physical features of the 
environment shared by all residents in a locality’) only contained water fluoridation, and 
given that neither of the study areas had either artificially or naturally fluoridated water 
supplies it was seen as unnecessary to model this. This is, however, one of the many 
important issues within dentistry that agent-based modelling can assist in analysing, so 
future research should look to include this where appropriate. Pathway 5 (‘the 
reputation of an area’) was so closely related to features of other domains (particularly 
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Pathway 3) that reproducing this a second time was seen as unnecessary, and could in 
fact have influenced the model in a negative way, if an effect was being applied to an 
agent multiple times when it should not have been. 
In some cases, the pathways were further simplified. For example, in Pathway 2 the 
‘nutrition’ variable was removed, with only the sugar variable remaining. This was due 
to data for the nutrition variable only being available from the Understanding Society 
survey, and due to difficulties incorporating data from a different sample alongside the 
ADHS. This would have been problematic with regards to matching the population 
demographics and socio-economic variables from one survey with those of another, to 
make sure that the data being incorporated into the ADHS sample from other surveys 
were from the same types of people. Thus only data from the ADHS was included. 
Attempting to combine survey data from the ADHS and other surveys (most likely 
Understanding Society) was beyond the scope of this research, and represents a 
limitation with such an approach, as it limits the pool of data that can be used. 
Techniques such as data linkage (Slack-Smith, 2012) and statistical matching (Rodgers, 
1984; Moriarity and Scheuren, 2001) may provide a solution to this, and in future 
research it may be beneficial to combine multiple surveys, potentially allowing for the 
inclusion of a richer set of variables. Nutrition was also removed from Pathway 3, 
although ‘health damaging behaviours’ in the form of diet was still included, so this 
concept was not completely dropped from the model. Finally, nutrition was also 
removed from Pathway 4, but again (similar to Pathway 2) the ‘sugar’ variable 
remained.  
In some cases, theoretical constructs with the same name were represented in different 
ways within the pathways. This was in order to differentiate the processes occurring in 
different pathways. Education was a good example of this, as it was represented as an 
individual variable in one pathway looking at social hierarchy position, while it was 
represented as point data to represent the physical location of education centres in 
another pathway. Other examples of this included diet, which was represented by sugar 
intake in Pathways 2.2 (material circumstances -> financial constraints -> diet/sugar 
intake -> tooth decay) and 3.4 (shop -> diet/sugar intake -> damaging behaviours -> 
tooth decay), while it was represented by cake consumption in Pathway 4.1 (Health 
behaviours -> diet-> sugar/nutrition -> tooth decay). This was due to the conceptual 
definitions of diet associated with each pathway, and also because Pathways 2.2 and 3.4 
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were simplified due to data from Understanding Society being removed. In Pathway 4.1 
sugar intake was a result of cake consumption, whereas in Pathways 2.2 and 3.4 it 
represented a lack of affordable nutritional food.  
On occasions certain variables were combined in one section of the code. For example, 
the second domain contained material circumstances ('h_price') and financial constraints 
('costdly'). These are very closely linked conceptually, so these variables were 
considered together when influencing the effect on fluoride levels (in Pathway 2.3 - 
material circumstances -> financial constraints -> (dental) knowledge -> health habits). 
This can be seen in the third line of code in Figure 53 below. The combining of two 
variables also had the effect on taking an additional step out of the code, which was 
helpful when debugging. This approach has been used before in such modelling, with 
Grimm et al. (2006) demonstrating how the winter morality rates of marmots can be 
based on a combination of age, winter strength, and number of young in the group. The 
idea throughout this research was to treat variables and data with respect with regard to 
using them in an appropriate way, rather than simply plugging them in arbitrarily, or 
editing numbers in a way which was contrary to the scale and design of the data source. 
Figure 53 – Example of two variables being combined in the theory code 
 
Table 24 outlines the individual pathways, how the theoretical concepts for the 
pathways were represented in the model, as well as the parameter values that were 
applied to these. In some cases, the parameters applied equally (according to theory) 
across the two study areas. However, in some cases parameters differed, usually in the 
case of the neighbourhood based variables, and in these cases the parameters for the 
Sheffield East and West study areas are stated separately. This is because these 
background variables are likely to differ depending on the context of the areas. The 
divide between the east and west of Sheffield is well known (Thomas et al, 2009), so 
using an average house price from the Sheffield East study area would likely be too low 
for the context of the Sheffield West study area, and vice versa. On such occasions 
averages were taken in each area to represent the local context.  
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In order to assist with reading Table 24, the parameter scores have been standardised so 
that they represent the end of the scale which leads to negative effects on the agents. 
Thus it can be assumed that scores above or below those in the table (depending on the 
data direction for each parameter) will have the opposite effect. The final variable for 
each pathway is the one that will have the final effect on the tooth decay score. Where 
the 'effect on model' column has been extended to cover more than one variable (as in 
the case of Pathways 2.1-2.3), this represents occasions where multiple variables were 
used at the same time in the code, much like the example shown in Figure 53.  
Table 24 - Theoretical pathways, concepts, indicators and parameters 
Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
2.1: Material 
circumstances -> 
financial constraints 
-> stress -> smoking 
-> tooth decay 
Material 
circumstances 
House price 
data (MSOAs) 
Sheffield 
East: <= 
88,654 
Sheffield 
West: <= 
251,636 
Stress 
variable 
increased 
 
Financial 
constraints 
Whether 
delayed dental 
treatment due 
to cost 
1 
 Stress 
Psychological 
discomfort 
> 3 
Smoking 
variable 
increased 
 Smoking 
Ever been 
given advice on 
giving up 
smoking 
< 2 
Tooth 
decay 
variable 
increased 
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Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
2.2: Material 
circumstances -> 
financial constraints 
-> diet/sugar intake 
-> tooth decay 
Material 
circumstances 
House price 
data (MSOAs) 
Sheffield 
East: <= 
88,654 
Sheffield 
West: <= 
251,636 
Purchasing 
power 
variable 
decreased 
 
Financial 
constraints 
Whether 
delayed dental 
treatment due 
to cost 
1 
 
Purchasing 
power 
Whether cost 
affected type of 
dental 
care/treatment 
< 2 
Diet 
variable 
increased 
 Diet 
Number of 
cakes eaten per 
week 
< 3 
Sugar 
variable 
increased 
 Sugar intake 
High sugar 
intake 
< 2 
Tooth 
decay 
variable 
increased 
2.3: Material 
circumstances -> 
financial constraints 
-> (dental) 
knowledge -> health 
habits -> tooth decay 
Material 
circumstances 
House price 
data (MSOAs) 
Sheffield 
East: <= 
88,654 
Sheffield 
West: <= 
251,636 
Dental 
knowledge 
variable 
decreased 
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Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
 
Financial 
constraints 
Whether 
delayed dental 
treatment due 
to cost 
1 
 
Dental 
knowledge 
Fluoride level > 2 
Healthy 
habits 
variable 
decreased 
 Healthy habits 
General dental 
attendance 
1 
Tooth 
decay 
increased 
3.1: Employment -> 
social hierarchy 
position -> tooth 
decay 
Employment 
Model based 
income 
estimates 
(MSOAs) 
Sheffield 
East: <= 
491.8 
Sheffield 
West: <= 
1056.1 
Tooth 
decay 
variable 
increased 
 
Social 
hierarchy 
position 
NS-SEC 
classification 
8 vs < 8 
3.2: Education -> 
social hierarchy 
positions -> tooth 
decay 
Education 
Highest 
qualification 
above or below 
degree level 
Above vs 
below 
degree 
level 
Tooth 
decay 
variable 
increased 
3.3: Education -> 
dental knowledge -> 
damaging 
Education 
Location of 
further 
education 
N/A Dental  
knowledge 
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Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
behaviours -> tooth 
decay 
providers in 
Sheffield 
variable 
decreased 
 
Dental 
knowledge 
Fluoride level < 2 
Health 
damaging 
behaviours 
variable 
increased 
 
Health 
damaging 
behaviours 
Consumption 
of sweets 
< 3 
Tooth 
decay 
variable 
increased 
3.4: Shop -> 
diet/sugar intake -> 
damaging 
behaviours -> tooth 
decay 
Shop 
Location of 
shops and 
supermarkets 
within 
Sheffield 
N/A 
Sugar 
intake 
variable 
increased 
 
Diet/sugar 
intake 
High sugar 
intake 
< 2 
Health 
damaging 
behaviours 
variable 
increased 
 
Health 
damaging 
behaviours 
Consumption 
of sweets 
< 3 
Tooth 
decay 
variable 
increased 
3.5: Dental service 
usage -> associated 
Dental 
attendance 
How often 
individuals go 
to the dentist 
1 Dental 
knowledge 
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Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
benefits/knowledge 
-> tooth decay 
variable 
decreased 
 
Dental 
knowledge 
Fluoride level < 2 
Tooth 
decay 
variable 
increased 
4.1: Health 
behaviours -> diet-> 
sugar/nutrition -> 
tooth decay 
Health 
behaviours 
IMD health 
domain - Years 
of potential lost 
life (LSOAs) 
Sheffield 
East: > 
75.09 
Sheffield 
West: 
> 52.94 
Diet 
variable 
increased 
 Diet 
Number of 
cakes eaten per 
week 
< 3 
Sugar 
intake 
variable 
increased 
 Sugar/nutrition 
High sugar 
intake 
< 2 
Tooth 
decay 
variable 
increased 
4.2: Health 
behaviours -> oral 
health habits -> 
tooth decay 
Health 
behaviours 
IMD health 
domain - Years 
of potential lost 
life (LSOAs) 
Sheffield 
East: > 
75.09 
Sheffield 
West: 
> 52.94 
Oral health 
habits 
variable 
decreased 
203 
 
Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
 
Oral health 
habits 
Tooth brushing 
habits 
> 1 
Tooth 
decay 
variable 
increased 
4.3: Health 
behaviours -> 
attendance -> 
knowledge -> tooth 
decay 
Health 
behaviours 
IMD health 
domain - Years 
of potential lost 
life (LSOAs) 
Sheffield 
East: > 
75.09 
Sheffield 
West: 
> 52.94 
Dental 
attendance 
variable 
decreased 
 
Dental 
attendance 
How often 
individuals go 
to the dentist 
1 
Dental 
knowledge 
variable 
decreased 
 
Dental 
knowledge 
Fluoride level < 2 
Oral health 
habits 
variable 
decreased 
 
Oral health 
habits 
Tooth brushing 
habits 
> 1 
Tooth 
decay 
variable 
increased 
4.4: Social capital -> 
acquired dental 
knowledge ->tooth 
decay 
Social capital 
IMD (2015) 
crime domain 
(LSOAs) 
Sheffield 
East: > 
0.24 
Sheffield 
West: > -1 
Dental 
knowledge 
variable 
decreased 
204 
 
Pathway 
Theoretical 
concept 
Variable in 
model 
Parameter 
in model 
Effect on 
agent 
 
Dental 
knowledge 
Fluoride level < 2 
Tooth 
decay 
variable 
increased 
4.5: Social capital -> 
Healthy behavioural 
norms -> tooth decay 
Social capital 
IMD (2015) 
crime domain 
(LSOAs) 
Sheffield 
East: > 
0.24 
Sheffield 
West: > -1 
Healthy 
behavioural 
norms 
variable 
decreased 
 
Healthy 
behavioural 
norms 
General dental 
attendance 
< 2 
Tooth 
decay 
variable 
increased 
4.6: Social capital -> 
stress -> smoking -> 
tooth decay 
Social capital 
IMD (2015) 
crime domain 
(LSOAs) 
Sheffield 
East: > 
0.24 
Sheffield 
West: > -1 
Stress 
variable 
increased 
 Stress 
Psychological 
discomfort 
> 2 
Smoking 
variable 
increased 
 Smoking 
Ever been 
given advice on 
giving up 
smoking 
< 2 
Tooth 
decay 
variable 
increased 
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Having created the individual pathways, the process of coding these into NetLogo was 
much simpler. Variables in the pathways could now be dealt with one at a time in a 
more straightforward manner using 'ifelse' statements. This essentially worked by 
saying ‘if A is X, do this to B, if A is Y, do this to B’. An example of this can be seen 
below in the example code for Pathway 4.6 (Figure 54: Social capital -> stress -> 
smoking). These functions apply an effect to an agent if they match a certain criterion, 
and a different effect to those that do not, thus making use of the thresholds shown in 
Table 24.  
Figure 54 – Example of theory converted into code in NetLogo (Pathway 4.6) 
 
Again it is worth emphasising that while these pathways were set up individually, when 
run at the same time they were effectively interacting, as multiple pathways influenced 
the agents, and their characteristics, at the same time. This approach also had the 
advantage of being able to test combinations of pathways depending on the processes of 
interest. For example, if looking specifically at pathways concerned with sugar 
consumption, it would be possible to test Pathways 2.2 (material circumstances -> 
financial constraints -> diet/sugar intake), 3.4 (shop -> diet/sugar intake -> damaging 
behaviours) and 4.1 (health behaviours -> diet-> sugar/nutrition) separately to see which 
had the greatest effect by selecting these from the list of available pathways at the start 
of the simulation. Other pathways could then be included in an additive manner in the 
next iteration. This is a simplified example, but demonstrates the flexible approach that 
was available.  
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Through the approach outlined above it was possible to update agent characteristics 
using the rules from the theoretical pathways. However, the code representing the 
theory still needed verifying, and additionally, calibrating. For the verification, each 
pathway and its associated section of code was put into its own, non-spatial agent-based 
model to be run separately from the rest of the procedures. The aim was to test whether 
the various processes worked as would be expected. These non-spatial environments 
consisted of a 16x16 grid with a series of random patches set to different colours, and 
buildings on top of these patches where destinations were relevant to the code. In the 
verification models that did not involve an agent arriving at a physical location these 
coloured patches were set to have no effect when agents landed on them. Some of the 
pathways only included the lag effects of certain variables over time for example. 
Figure 55 shows an example of what these test environments looked like. 
Figure 55 – Example NetLogo environment for model verification 
 
Agents had simple movement instructions (e.g. forward 1, right 1), as the actual 
directions they took were not important in this context. These non-spatial environments 
allowed the agents to be monitored more easily, based on their simple and predictable 
movement as well as the lack of detail (e.g. the road network and buildings) to distract 
from following the agents. This process was similar to 'tracing', a verification process 
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suggested by Xiang et al. (2005) which involves following entities within the model, 
and their subsequent behaviours, to ensure that the models logic is correct. While the 
authors state that this process can be quite computationally intensive, this was addressed 
through the use of the smaller, non-GIS based verification simulations.  
The effects of the theoretical pathways were set to kick in every 50 ticks. This was an 
arbitrary number, but given the non-spatial and non-temporal nature of the verification 
models this was not an issue. All sections of the individual pathways were manually 
verified, and any corrections that were required noted. The results of the verification 
models for each of the pathways are presented in Tables 25-27. It is worth remembering 
that when a rule, and the effect of the rule is stated, the opposite effect will apply to 
individuals who do not meet that criteria. To give a hypothetical example, if tooth decay 
increased for individuals with below average income, it would therefore decrease for 
those with above average income.  
Table 25 - Verification of Pathways 2.1 - 2.3 
Pathway Rules of pathway (in chronological order) Corrections 
2.1 
Every 50 ticks, those in MSOAs with below average house 
prices, and who delayed treatment due to cost saw their 
stress score increase 
None 
Every 50 ticks, those with a stress score over 2 saw their 
smoking score increase 
None 
Every 50 ticks, those with smoking scores over 1 saw their 
tooth decay score increase 
None 
2.2 
Every 50 ticks, those in areas with below average house 
prices, and who delayed treatment due to cost saw their 
score for delaying the type of treatment they sought 
increase 
None 
Every 50 ticks, those with a score above 2 for delaying the 
type of treatment they sought saw their cake consumption 
score increase 
None 
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Every 50 ticks, those with a cake consumption score above 
3 saw their sugar intake score increase 
None 
Every 50 ticks, those with a sugar intake score below 2 saw 
their tooth decay score increase 
None 
2.3 
Every 50 ticks, those in MSOAs with below average house 
prices, and who delayed treatment due to cost saw their 
dental knowledge score increase 
None 
Those with a dental knowledge score above 2, and a 
healthy behavioural norms score of 1 saw their tooth decay 
score increase 
None 
 
None of the pathways in Table 25 required corrections. As previously mentioned, in 
Pathway 2.1 household price (representing material circumstances) and cost delaying 
treatment (representing financial constraints) were considered together, as the two 
constructs are conceptually very similar, and are likely to impact on 
individuals/households in a similar way. It therefore made little sense to add an extra 
section of code by splitting these. In Pathway 2.3 dental knowledge (represented by 
fluoride levels) was considered alongside the healthy behavioural norms variable 
(represented by regularity of attendance) as it was not deemed appropriate to adjust a 
person’s regularity of attendance at the same intervals as other variables. An 
individual’s attendance score could not really be increased or decreased throughout the 
model in the same way as other variables, as the model effects kicked in at time periods 
of far less than every six months. Therefore, such an increase or decrease would be 
fairly unrealistic. 
 
 
 
 
 
209 
 
Table 26 - Verification of Pathway 3.1 - 3.5 
Pathway Rules of pathway (in sequence) Corrections 
3.1 
Every 50 ticks, those with an NS-SEC classification of 8 
and below average income levels saw their tooth decay 
score increase 
None 
3.2 
Every 50 ticks, those with a qualification that was below 
degree level saw their tooth decay score increase 
None 
3.3 
When an agent who had a degree landed on a yellow patch 
(dentist) they saw their dental knowledge score increase 
Extra 'ask' 
command 
removed 
due to effect 
on model 
Every 50 ticks, those with dental knowledge scores above 2 
saw their sweet consumption score decrease 
None 
Every 50 ticks, those with a sweet consumption score 
above 3 saw their tooth decay score increase 
None 
3.4 
If a person with an NS-SEC classification of 8 landed on an 
pink patch (shop), their sweet consumption score would 
increase 
None 
Every 50 ticks, if an individual had a sweet consumption 
score above 3, their sugar score would increase 
None 
Every 50 ticks, if an individual had a sugar score over 5 
their tooth decay score would increase 
None 
3.5 
When landing on a yellow patch (dentist), if an individual 
attended the dentist every six months their dental 
knowledge score would increase 
None 
Every 50 ticks, if fluoride levels were over 5 an 
individual’s tooth decay score would increase 
None 
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In Pathway 3.1 NS-SEC and income were considered together in a similar way to 
variables in Pathway 2.1. This was because NS-SEC and income are both indicators of 
social standing, and it was not considered worthwhile to have them as separate steps in 
the pathways. Pathway 3.3 threw up a problem that saw individual dental knowledge 
scores increase after every tick, which should not happen (it should have changed every 
50 ticks). This meant debugging the code for this section, which found that certain 
command procedures (an ‘ask’ function, which gives instructions for the agents to act 
on) had been entered more times than were necessary. This was disrupting the code and 
causing it to apply certain effects more frequently than it should have. This was 
addressed and the model ran correctly. None of the other pathways required corrections. 
Table 27 - Verification of Pathways 4.1 - 4.6 
Pathway Rules of pathway (in sequence) Corrections 
4.1 
Every 50 ticks, if the neighbourhood score for years of lost 
life was above the average value, an individual’s cake 
consumption score would decrease 
None 
Every 50 ticks, if an individual’s cake consumption score 
was below 3, their sugar consumption score would increase 
None 
Every 50 ticks, if an individual’s sugar consumption score 
was above 2, their tooth decay score would increase 
None 
4.2 
Every 50 ticks, if the neighbourhood score for years of lost 
life was above the average value, an individual's tooth 
brushing score would increase 
None 
Every 50 ticks, if an individual’s tooth brushing score was 
over 1 their tooth decay score would increase 
None 
4.3 
Every 50 ticks, if the neighbourhood score for years of lost 
life was above the average value, and an individual’s 
attendance score was over 2, their dental knowledge score 
would increase 
None 
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Pathway Rules of pathway (in sequence) Corrections 
Every 50 ticks, if an individual’s dental knowledge score 
was over 2 their toothbrusing score would increase 
None 
Every 50 ticks, if an individual’s tooth brushing score was 
over 2, their tooth decay score would increase 
None 
4.4 
Every 50 ticks, if the neighbourhood crime score was 
above the mean value, corresponding individuals saw their 
fluoride score increase 
None 
Every 50 ticks, if an individual’s fluoride intake score was 
below 2, their tooth decay score would increase 
None 
4.5 
Every 50 ticks, if the neighbourhood crime score was 
above the mean value, and an individual’s attendance score 
was over 2, their tooth decay score would increase 
None 
4.6 
Every 50 ticks, if the neighbourhood crime score was 
above the mean value, individual psychological discomfort 
scores would increase 
None 
Every 50 ticks, if an individual’s psychological discomfort 
score was above 2 their smoking variable would decrease 
None 
Every 50 ticks, if an individual’s smoking variable was 
below 2 their tooth decay score would increase 
None 
 
As with previous pathways, certain variables were combined for conceptual reasons. 
This was the case with Pathway 4.5 for example, where social capital and healthy 
behavioural norms were combined, as research has shown them to be closely related 
(Lida and Rozier, 2013). The tests for this set of pathways revealed that all of the code 
was acting as expected, and none required corrections.  
Having verified each part of the model, the next step was to calibrate them. Manson et 
al. (2012) state that ‘calibration is the adjustment of model parameters and 
212 
 
specifications to fit certain theories or actual data’ (p.130). This step is essential because 
while the code may do what is expected of it, this still does not mean that what it is 
doing is mimicking theory in an accurate way. In other words, the code works, but the 
parameters of the code need to be checked to make sure they accurately match the 
theory. The importance of this stage of the modelling is highlighted by Johnson and 
Groff (2014), who state that ‘choices made about how to represent those parameter 
values and the associated condition action rules will affect the process and the outcomes 
observed’ (p.514). It was therefore important that the calibration process was as 
accurate as possible. 
This meant checking each of the parameters to make sure the values associated with 
these were sensible, and also matched the relevant data from the ADHS. For example, if 
the model was judging favourable patterns of attendance at dentists, then a value of 1 
related to attendance every 6 months, whereas with each value above 1 attendance 
levels become less frequent. The values associated with the agents in the model needed 
to match the values in the Adult Dental Health Survey, or the processes taking place 
would not make sense, or be traceable. It is of course possible that if the model was run 
for long enough that the values associated with agents would increase or decrease to the 
extent that they were no longer on the original scale, however it would at least be 
evident which end of the scale their behaviour was associated with, and the direction the 
behaviour was heading in. This was mitigated to a certain degree by each process only 
adding or subtracting 0.01 from the agent’s characteristics, which, while an arbitrary 
number, was also designed to mimic the long term nature of the development of tooth 
decay. 
An example of parameter checking can be illustrated through the code used to test 
Pathway 2.1. Here agents with smoking scores of ‘>1’ saw their tooth decay variable 
increase. However, this made little sense when compared to the survey data, where a 
score of ‘1’ related to having coping mechanisms, while ‘2’ and ‘3’ represented ‘no’ 
and ‘never smoked’ respectively. Due to this, the threshold for the smoking score was 
set to ‘<2’, in order to capture those who do smoke as a coping mechanism. People with 
a smoking score of ‘<2’ subsequently saw their tooth decay score increase. Pathway 2.2 
displayed a similar problem, where the sugar intake variable was originally set to ‘>2’ 
for those experiencing an increase in their tooth decay score. In the ADHS data the high 
sugar variable was binary in nature, with ‘2’ representing a ‘not high’ intake. Therefore, 
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the threshold for this section of code was changed to ‘<2’ so that individuals with a 
score of ‘1’ (high intake) experienced increased tooth decay. Pathway 2.3 had no such 
issues. The re-calibration of Pathways 2.1-2.3 are summarised in Table 28 below. 
Table 28 – Re-calibration of parameters for Pathways 2.1-2.3 
Pathway Variable 
Original 
parameter 
Re-calibrated 
parameter 
Reason for 
re-
calibration 
2.1 Smoking >1 <2 
Incorrect 
data scale 
direction 
2.2 Sugar intake >2 <2 
Incorrect 
data scale 
direction 
 
The re-calibration of Pathway 3.1 led to the NS-SEC value changing due to the nature 
of the data, while Pathway 3.2 had no issues with data classification. The dichotomy of 
degree vs other qualification used for this pathway may have been a little crude, 
however this was due to the binary nature of the variable in the ADHS data. In the first 
section of Pathway 3.3 fluoride scores increased if education level was equal to ‘1’ 
(degree or higher), however according to the ADHS data, increasing the score 
associated with fluoride consumption corresponded with a decreased intake of fluoride 
in real terms. Fluoride scores were subsequently changed to decrease in the model if an 
individual had an education score of ‘1’. This in turn meant the second part of the 
function changing, which involved increasing or decreasing an individual’s sweet 
consumption score. The threshold for fluoride was therefore set to ‘<2’ for those who 
would see their sweet consumption score increase, and vice versa. This meant that those 
with high dental knowledge (fluoride <2) saw their sweet score increase, which 
according to the ADHS data values meant lower sweet consumption. This example in 
particular highlights the confusing, and sometimes counter intuitive nature of aligning 
such data scales correctly. 
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Pathway 3.4 also included the NS-SEC variable, and this was dealt with in a similar 
way to Pathway 3.1 (i.e. group 8 vs groups 1-7). Other than this however Pathway 3.4 
had no other parameters that needed re-calibrating. In the case of Pathway 3.5, as the 
‘best’ behaviour for the ‘freqden’ variable was perceived to be a score of 1 (attendance 
at least every six months), individuals with this score saw their fluoride scores decrease 
to keep them closer to 1 (the highest levels of fluoride intake), while those who attended 
less regularly saw their scores increase, indicating a lower intake of fluoride. This also 
meant that the numbers associated with the second part of the function needed to 
change. Firstly, the threshold of ‘>5’ set to test the model for the fluoride variable was 
far too high, as the scale for fluoride data in the ADHS only went up to 4. This was 
adjusted so that those with a fluoride score of ‘<2’ would see their tooth decay scores 
decrease (and vice versa). The re-calibration of Pathways 3.1-3.5 are summarised below 
in Table 29. 
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Table 29 - Re-calibration of parameters for Pathways 3.1-3.5 
Pathway Variable 
Original 
parameter 
Re-calibrated 
parameter 
Reason for 
re-
calibration 
3.1 NS-SEC <4 8 
Violates 
structure of 
the data 
3.3 Education 
Increase 
fluoride score if 
education = 1 
Decrease 
fluoride score if 
education = 1 
Incorrect 
data scale 
direction 
3.3 Fluoride >2 <2 
Incorrect 
data scale 
direction 
3.4 NS-SEC <4 8 
Violates 
structure of  
the data 
3.5 Freqden 
Increase 
fluoride if 
freqden = 1 
Decrease 
fluoride if 
freqden  = 1 
Incorrect 
data scale 
direction 
3.5 Fluoride >5 <2 
Incorrect 
data scale 
direction 
 
The second section of Pathway 4.1 stated that those with a ‘number of cakes per week’ 
score over 3 (‘less than once a week’, ‘rarely or never’) would see their sugar variable 
decrease. This however failed to match the scale of the data from the ADHS. The sugar 
variable in this dataset was binary in nature, with ‘1’ representing high intake. 
Therefore, those with high cake consumption (‘< 3’) saw their sugar scores decrease 
rather than increase, to bring their scores in line with the higher sugar intake variable. 
This also meant changing the last part of the function, as originally those with a sugar 
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score of ‘>2’ would see their tooth decay scores increase. This was changed to ‘<2’, to 
capture all those who had a high level of sugar intake. Pathway 4.2 had no such issues 
so no re-calibration was required. For Pathway 4.3 the second section of the function 
included the attendance variable ‘freqden’, where individuals with a score ‘>3’ (’less 
frequently that two years’, ‘only when having trouble’) saw their fluoride scores 
increase. This was changed to ‘>2’ to also include the ‘at least once every two years’ 
response. The thresholds for the first section of Pathway 4.4 were deemed correct. The 
second section however stated that if an agent's fluoride score was below 2 their tooth 
decay score would increase. According to the ADHS data scales, this meant that those 
with higher fluoride intake saw their tooth decay scores increase, which is incorrect 
conceptually. This was changed to ‘>2’, so that those with lower fluoride intake saw 
their tooth decay scores increase. Pathways 4.5 and 4.6 were both judged to have 
appropriate thresholds. The re-calibration of Pathways 4.1-4.6 are listed below in Table 
30. 
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Table 30 - Re-calibration of parameters for Pathways 4.1-4.6 
Pathway Variable 
Original 
parameter 
Re-calibrated 
parameter 
Reason for 
re-
calibration 
4.1 
Cake 
consumption 
High cake 
consumption 
increased sugar 
score 
High cake 
consumption 
decreased sugar 
score 
Incorrect 
data scale 
direction 
4.1 Sugar intake >2 <2 
Incorrect 
data scale 
direction 
4.3 Freqden >3 >2 
Adjusted to 
include 
appropriate 
data points 
above 
threshold 
4.4 Fluoride 
Decay 
increased if 
fluoride <2 
Decay 
increased if 
fluoride >2 
Incorrect 
data scale 
direction 
 
This process demonstrates the importance of calibrating a model, as well as the 
difficulties associated with this process. Had this step not been taken, the modelling 
could have been conducted using inaccurate parameters which bore no relation to the 
theory or the original data source. This could have nullified the validity of the results. 
While the agent-based models created for this research were of a manageable size to 
check in this way, manually calibrating parameter values can be an arduous task. Some 
researchers have employed optimisation methods to calibrate their models, such as 
genetic algorithms (GAs), which are able to undertake parallel searches through a large 
number of parameters (Ngo and See, 2012). This technique works with randomly 
generated samples of solutions, which are each evaluated for their fit against the model 
218 
 
using pre-defined functions. This process loops through the solutions, and uses a 
‘survival of the fittest’ approach, whereby the program is terminated once a solution has 
been found that satisfies the threshold condition, eliminating the other solutions. In this 
respect GAs are not that dissimilar, both conceptually and methodologically, to certain 
types of spatial microsimulation modelling such as simulated annealing (Morrissey et 
al, 2008).  
However, GA techniques were not employed in this research for a number of reasons. 
Firstly, creating and running such an algorithm was beyond the scope of this research. 
Secondly, and perhaps most importantly, there seemed to be no guarantee that this 
method of checking parameters would adhere to the necessary rules that match the 
theory used in the research. In other words, the GA may come up with an ‘ideal’ set of 
parameters (in the form of threshold numbers for example), but these may bear no 
resemblance to the data values from the original ADHS file, or properly match the 
theoretical concepts being tested in the model. This risks invalidating the theoretical 
basis of the modelling, which again would defeat the point of it. Thus it could be argued 
that manual calibration, although more arduous, is potentially more appropriate for 
models based on theory.  
 
Time lag events affecting agents 
Once the theoretical pathways had been converted into the appropriate sections of code, 
the next step was to decide at which intervals each section of code would be 
implemented in the model. Table 31 shows the different pathways in the simulation, and 
the number of ticks between each application of these pathways. Some pathways were 
assigned a greater number of ticks between their uses in the simulations, which was 
done to reflect the differences between the immediate conditions people live in which 
may affect them on a more regular basis, and those which are likely to have longer term 
effects, or effects at less regular intervals. This is in line with previous research, 
including Mitchell et al. (2002), who stated that the negative effects of unemployment 
on health do not take place after one day, but over a longer time period. Other authors 
have suggested that changes in social life may affect health quickly, while the subtler 
changes of growing inequality may take longer to manifest (Adler and Newman, 2002). 
Macintyre et al. (2002) have also stated that consideration is needed for what 
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appropriate time intervals between environmental exposure and health effects may be, 
as a ‘zero time lag between exposure and outcome is usually implausible in social 
epidemiology’ (p.135). 
Table 31 – Pathways and ticks between implementation 
Pathway 
Main variables associated with 
pathway 
Ticks/days Time period 
2.1 House price and cost delaying treatment 7 Weekly 
2.2 House price and cost delaying treatment 7 Weekly 
2.3 House price and cost delaying treatment 7 Weekly 
3.1 NS-SEC and income estimates 14 Bi-weekly 
3.2 Education 14 Bi-weekly 
3.3 Fluoride intake and sweet consumption 7 Weekly 
3.4 Sweet and sugar consumption 7 Weekly 
3.5 Fluoride intake 7 Weekly 
4.1 Years of lost life 14 Bi-weekly 
4.2 Years of lost life 14 Bi-weekly 
4.3 Years of lost life 14 Bi-weekly 
4.4 Crime scores 7 Weekly 
4.5 Crime scores 7 Weekly 
4.6 Crime scores 7 Weekly 
 
This research attempted to implement a similar approach, by having some of the model 
interactions take a more immediate effect than others (weekly vs bi-weekly). This was 
also in line with trying to mimic the accumulation model of the life course approach. As 
with defining the probabilities for visiting patterns to different locations (Tables 21 and 
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22), despite having an idea of the general trend associated with the variables, this was 
still difficult to quantify. The same was true of tooth decay, as there is no exact 
breakdown of how long it takes for each process to influence tooth decay in some way. 
This represents the artificial nature of these processes within the agent-based models, as 
tooth decay is not measured or recorded in the same way in the agent-based models as it 
is in clinical practice. People are not told that they have 2.34 decayed teeth for example, 
and tooth decay does not decrease once it is present. 
The values in Table 31 were therefore chosen based on the time frame of 2 years which 
would be simulated in each model. Given that scores for each variable increased or 
decreased by 0.01, with interactions occurring every 7 or 14 ticks, this meant that an 
individual had the chance to cross a threshold for a variable within the simulation time 
of 730 ticks (i.e. going from 2 decayed teeth to 3). The selection of periods of either 7 or 
14 days could be considered somewhat arbitrary, however there is no real empirical 
evidence to base such measures on, and this approach still allowed for the 
differentiation between shorter term and longer term processes. Indicators such as socio-
economic position (NS-SEC), income, education, and long-term health related issues 
(‘years of lost life’) were assumed to have more of a lagged effect on the health of 
individuals, whereas housing conditions, not being able to pay for treatment or other 
material items, fluoride and sugar intake, and the threat of crime were all assumed to 
have more immediate effects. The issue of implementing the lagged effects to mimic the 
accumulation model of health was addressed using the ‘mod’ function in NetLogo. This 
allowed for sections of code to be run every ‘x’ ticks in the model. Thus the mod 
function acted as a way of implementing rules at certain time points, allowing for the 
lag effects of certain parts of the model to be incorporated in a more realistic fashion. 
The verification of the ‘mod’ function was essentially carried out as part of the 
verification of the theoretical pathways in the ‘updating agent characteristics’ section 
(page 207). In this test the theoretical pathways were set to kick in after 50 ticks of the 
model, which occurred correctly on each occasion except one (pathway 3.3), where the 
pathway had been incorrectly coded. This demonstrated the reliability of the function 
for implementing the lagged effects into the final models. 
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5.3. Simulation experiments 
5.3.1. Validation 
Before covering the results of the two simulation experiments, it is important to review 
the validation process undertaken as part of this research, as this is not included as part 
of the ODD protocol. As with spatial microsimulation modelling, validation is a vital 
part of the agent-based modelling process. It could be argued that evaluating agent-
based models is harder than evaluating the outputs of spatial microsimulation models, as 
the results of an IPF model generally give a set of numbers which are easy to analyse 
statistically. Agent-based models on the other hand do not always produce outputs in 
this way, meaning it is important to make sure the right sort of data is teased out of the 
models, or appropriate validation measures identified.  
Xiang et al. (2005) point to the need for validation of agent-based models, stating that 
this involves checking whether the theoretical and conceptual models lead to a realistic 
representation of real world interactions, and that output is consistent with 
corresponding real data. The authors go on to list a variety of ways in which agent-
based models can be validated. These are listed below: 
 Face validity – this step involves a more subjective approach, where experts in a 
given field are asked to judge if a model behaves as it should, and whether it is 
accurate enough compared to findings in the real world. There are two types of 
face validity: animation, and graphical representation. Animation involves ‘the 
graphical display of the behaviour of the model over time’ (p.48), as some 
software (including NetLogo) have visual elements that allow properties to be 
tracked as the simulation runs. Graphical representation involves displaying the 
output data of the model (i.e. means, distributions, etc.) in a graph format. Thus, 
experts are asked to judge the final results, rather than the whole sequence of the 
simulation. Turing Tests are a similar type of expert analysis, where the expert is 
given output from real world data and the simulation, and asked to see if they 
can tell which is which.  
 Internal validity – Xiang and colleagues (2005) state that this process involves 
comparing the results of several runs of stochastic simulations using different 
random seeds (similar to random number generators) in each run. The idea is 
that if the model is internally valid, similar results should be seen for each run, 
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regardless of the effects of the random seed.  This would not necessarily work 
with the agent data in this research as the IPF simulation technique is designed 
to produce consistent data outputs with regard to individual characteristics. 
Microsimulation methods such as combinatorial optimisation may be more 
suited to this random seed approach. In this research it may be more relevant to 
apply this approach to the setup locations of agents, or the effects of certain 
neighbourhood based factors within the model instead. 
 Historical data validation – this technique (which essentially combines elements 
of verification, calibration and validation) is useful when historical data exist on 
a system. The data can be used both to build and parameterise the model, as well 
as to check if the model is behaving as would be expected. 
 Parameter variability (sensitivity analysis) – this validation technique involves 
changing the values of initial parameters for the model, to see how this 
influences the model’s subsequent behaviour and outputs. Changes to 
parameters should result in the same changes occurring in the model as would 
occur in the real world if such alterations were made. This is also a way to 
identify the most sensitive parameters, and make sure they are accurate enough 
to be reliable.  
 Model to model comparison – also known as back to back testing, or docking, 
this technique involves comparing the results of numerous parts of the 
simulation to the results of other models. Models with similar outputs could be 
created using different conceptual models on different platforms for example, 
but may also make use of similar input data.  
 Statistical tests – as with the validation of spatial microsimulation models, 
statistical analysis can play a large role in providing objective, quantitative 
evaluations of model output. Xiang and colleagues (2005) comment that the 
inclusion of such analysis ‘can significantly increase the credibility of the 
model’ (p.49). Usually statistical analysis is used to compare the output data 
with the corresponding system, or with data from other models that have used 
similar input data. Time series, means, variances and aggregations are all given 
as examples by the authors of graphical data for development, validation or 
Turing Tests. In their example validation of natural organic matter molecules, 
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goodness of fit tests (Chi-Square, Kolmogorov-Smirnov) as well as factorial 
ANOVA are mentioned as potentially useful validation methods.  
While agent-based models can be more difficult to validate compared to other types of 
models (namely spatial microsimulation models), the agent-based models in this 
research were affected by a similar problem to the microsimulation models, this being 
the lack of data on tooth decay in adults available at the small area level against which 
to validate model outputs. This does highlight a potential downside to such an approach, 
and is something that should be borne in mind for future research. Despite being an 
exploratory piece of research, this does not mean that these models could not be 
validated in some way. While not all of the methods suggested by Xiang et al. (2005) 
could be used in this research, certain of these could be made use of to test the data 
created through the simulations. Both models have already been verified and calibrated, 
with the tracing process suggested by Xiang et al. (2005) proving to be vital in verifying 
the models for example.  
Further, model to model validation was also possible. As the two models were from two 
differing areas of Sheffield, and differ greatly with regard to deprivation, socio-
economic status, and a range of other social indicators, it might be expected that they 
would have differing outputs with regards to tooth decay. Due to the different number 
of pathways involved in the simulations it was also possible to perform parameter 
variability tests using different combinations of these throughout the simulation runs. 
Finally, the outputs of the various different simulations were also compared statistically 
to see if any significant differences existed, and at which stage of the model these may 
have occurred. The next section will outline the process of running the final models, and 
the analysis of the results from these.  
 
5.3.2. Simulation one – adding the pathways sequentially  
The simulations were conducted using the University of Sheffield’s supercomputer 
‘Iceberg’. Twenty-eight separate models were created for the first experiment (14 for 
Sheffield East, 14 for Sheffield West), with pathways being added sequentially with 
each new model. As stated previously, each simulation was run for 730 steps, which 
represented 1 day per tick, over the course of 2 years. Each pathway simulation was run 
for 10 iterations, and the average score from these iterations was taken as the score for 
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that simulation, in order to allow for the probabilistic nature of the models. The results 
of the simulations for the Sheffield East study area are presented in Table 32, while 
Table 33 shows the results for Sheffield West. Within the tables, ‘model run’ refers to 
the number of pathways that were included (similar to Table 20). For example, model 
run 1 refers to the model containing only the first pathway (Pathway 2.1), while model 
run 2 contains the first two pathways (Pathways 2.1 and 2.2). This approach is repeated 
through to model run 14, which contains all of the pathways identified in Table 24.  
Table 32 – Tooth decay scores from each of the simulation runs in the Sheffield East 
study area 
Model run 
Mean decayed 
teeth - 
original 
Mean decayed 
teeth - final 
Change (n) Change (%) 
1 46686.6 42828.86 -3857.74 -8.26 
2 46686.6 46491.5 -195.1 -0.42 
3 46686.6 53855.84 7169.24 15.36 
4 46686.6 49338.12 2651.52 5.68 
5 46686.6 49330.7 2644.1 5.66 
6 46686.6 54459.4 7772.8 16.65 
7 46686.6 23056017.53 23009330.93 49284.66 
8 46686.6 23604131.47 23557444.87 50458.69 
9 46686.6 23823930.36 23777243.76 50929.48 
10 46686.6 22488133.03 22441446.43 48068.28 
11 46686.6 20773675.92 20726989.32 44396.01 
12 46686.6 17740303.38 17693616.78 37898.70 
13 46686.6 22541373.66 22494687.06 48182.32 
14 46686.6 23892514.47 23845827.87 51076.39 
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Table 33 – Tooth decay scores from each of the simulation runs in the Sheffield West 
study area 
Model run 
Mean decayed 
teeth - 
original 
Mean decayed 
teeth - final 
Change (n) Change (%) 
1 24379 19521.68 -4857.32 -19.92 
2 24379 24706.26 327.26 1.34 
3 24379 33068.94 8689.94 35.65 
4 24379 28487.62 4108.62 16.85 
5 24379 24733.1 354.1 1.45 
6 24379 32063.6 7684.6 31.52 
7 24379 50482041.9 50457662.9 206971.83 
8 24379 50523178.77 50498799.77 207140.57 
9 24379 50289110.81 50264731.81 206180.45 
10 24379 50411316.67 50386937.67 206681.72 
11 24379 50692145.71 50667766.71 207833.65 
12 24379 50627428.37 50603049.37 207568.19 
13 24379 51803747.65 51779368.65 212393.32 
14 24379 50582640.46 50558261.46 207384.48 
 
In order to assess whether there were any significant changes between the model runs, 
the results were analysed statistically. Originally a one-way repeated measures ANOVA 
was considered, however the results from the agent-based models were found to be non-
normally distributed, and could not be transformed to a normal distribution using either 
log or square root functions. The Friedman Test was therefore also considered, this 
being the non-parametric equivalent to the repeated measures ANOVA. There is some 
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debate over the use of non-normally distributed data in repeated measures tests 
however, with some literature pointing to the fact that ANOVA tests can still be applied 
to skewed datasets. This is summarised in Field et al. (2012), who state that ‘the 
evidence suggests that when group sizes are equal the F-statistic can be quite robust to 
violations of normality’ (p.413). Given this, and the fact that the post-hoc analysis 
options for ANOVA are far more extensive than those for the Friedman Test, it was 
decided that the data would first be tested using the Friedman Test then the ANOVA, 
and if the results were similar further analysis would be conducted using the ANOVA 
post-hoc (Bonferroni) tests. One of the assumptions of one-way repeated measures 
ANOVA is complying with Mauchly’s Test of Sphericity, however this only applies 
when more than two levels are included in the data, and as the results of the agent-based 
models were for two time points the data did not violate this assumption. 
The descriptive statistics for the Friedman Test for the Sheffield East study area can be 
seen below in Table 34. The Friedman Test showed there to be a statistically significant 
difference between the original scores and the scores post simulation (X2 = 68.600, P < 
0.05), indicating that tooth decay scores increased as additional pathways were added. 
Table 34 – Descriptive statistics for the Sheffield East study area (Friedman Test) 
 N Mean 
Std. 
Deviation 
Minimum Maximum 
Original 
score 
140 46686.60 .000 46687 46687 
New score 140 12729741.73 11752255.150 -21197920 28330281 
 
This did not give much insight into the pattern associated with the data however, so 
these were further analysed using the ANOVA test. The descriptive statistics from this 
test are shown below in Table 35. The Sheffield East ANOVA showed a statistically 
significant difference between the time points in the data (F(1.000, 13.000) = 1410.471, 
P < 0.05), and as this matched the conclusions of the Friedman Test it was judged 
appropriate to use the Bonferroni post-hoc test results from the ANOVA model.  
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Table 35 – Descriptive statistics for the Sheffield East study area (ANOVA) 
 Model Mean Std. Deviation N 
Original 
model 
1 46686.60 .000 10 
2 46686.60 .000 10 
3 46686.60 .000 10 
4 46686.60 .000 10 
5 46686.60 .000 10 
6 46686.60 .000 10 
7 46686.60 .000 10 
8 46686.60 .000 10 
9 46686.60 .000 10 
10 46686.60 .000 10 
11 46686.60 .000 10 
12 46686.60 .000 10 
13 46686.60 .000 10 
14 46686.60 .000 10 
Total 46686.60 .000 140 
New model 
1 42828.86 .000 10 
2 46491.50 .000 10 
3 53855.84 .000 10 
4 49338.12 .000 10 
5 49330.70 .000 10 
6 54459.40 1.671 10 
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7 23056017.53 1230455.505 10 
8 23604131.47 2853969.941 10 
9 23823930.36 1733739.780 10 
10 22488133.03 2694973.098 10 
11 20773675.92 1272643.452 10 
12 17740303.38 13844567.463 10 
13 22541373.66 1078614.480 10 
14 23892514.47 3024731.118 10 
Total 12729741.73 11752255.150 140 
 
The post-hoc analysis demonstrated a significant interaction between time and model 
run (p < 0.05). Analysis of the pairwise comparisons showed that model runs 1-6 were 
not statistically significantly different from each other (p = 1.000), whereas these model 
runs were statistically significantly different to model runs 7-14 (p < 0.05). Model runs 
7-14 were not statistically significantly different to each other, leading to the conclusion 
that the introduction of model run 7 (Pathway 3.4 - where agents interact with shops, 
which influences diet, and then health damaging behaviours) had the most significant 
impact on tooth decay scores in this area. These results can be seen in Appendix A.  
The descriptive statistics for the Sheffield West study area for the Friedman Test can be 
seen below in Table 36. The overall model was statistically significant (X2 = 102.857, P 
< 0.05), implying statistically significant differences between the number of decayed 
teeth in the population between the two time points.  
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Table 36 – Descriptive statistics for the Sheffield West study area (Friedman Test) 
 N Mean 
Std. 
Deviation 
Minimum Maximum 
Original 
score 
140 24379.00 .000 24379 24379 
New score 140 28969585.11 25180128.717 19522 63334820 
 
The same data were then analysed using the one-way repeated measures ANOVA. The 
descriptive statistics for this can be seen in Table 37. 
Table 37 – Descriptive statistics for the Sheffield West study area (ANOVA) 
 Model Mean 
Std. 
Deviation 
N 
Original 
score 
1 24379.00 .000 10 
2 24379.00 .000 10 
3 24379.00 .000 10 
4 24379.00 .000 10 
5 24379.00 .000 10 
6 24379.00 .000 10 
7 24379.00 .000 10 
8 24379.00 .000 10 
9 24379.00 .000 10 
10 24379.00 .000 10 
11 24379.00 .000 10 
12 24379.00 .000 10 
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13 24379.00 .000 10 
14 24379.00 .000 10 
Total 24379.00 .000 140 
New score 
1 19521.68 .000 10 
2 24706.26 .000 10 
3 33068.94 .000 10 
4 28487.62 .000 10 
5 24733.10 .000 10 
6 32063.60 .000 10 
7 50482041.90 432210.453 10 
8 50523178.77 246795.721 10 
9 50289110.81 534639.868 10 
10 50411316.67 580296.236 10 
11 50692145.71 346456.806 10 
12 50627428.37 313984.183 10 
13 51803747.65 4067459.632 10 
14 50582640.46 467343.027 10 
Total 28969585.11 25180128.717 140 
 
The ANOVA again demonstrated a statistically significant difference between the two 
time points (F(1.000, 13.000) = 91988.461, P < 0.05). Thus, as the Friedman and 
ANOVA tests returned similar results, it was again deemed appropriate to use the 
Bonferroni post-hoc analysis as part of the ANOVA test. Firstly, the post-hoc tests 
showed there to be a significant interaction between time and model run (p < 0.05). As 
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can be seen from the data tables in Appendix B, model runs 1-6 showed no statistically 
significant differences to each other (p = 1.000). However, model runs 1-6 were 
statistically significantly different to model run 7 (p <0.05), and all those that followed 
(8-14). Model runs 7-14 again showed no statistically significant differences to each 
other. Once again this pointed to model run 7 (Pathway 3.4) as a key point in the 
modelling, where tooth decay scores increased significantly but not thereafter. 
The trend associated with these patterns are highlighted for Sheffield East (Figure 56) 
and Sheffield West (Figure 57) below. Time 1 represents the baseline mean tooth decay 
score, while time 2 represents the mean scores after each pathway was added. 
Figure 56 – Trend of mean scores for each model run (Sheffield East) 
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Figure 57 – Trend of mean scores for each model run (Sheffield West) 
 
As can be seen from Figures 56 and 57, the trend in the data is more steady in the 
Sheffield West model, where the data showed little variation beyond the 
implementation of model run 7. Figure 56 shows that in the Sheffield East study area 
there was more variation after model run 7 (Pathway 3.4) had been implemented, 
although this was not statistically significant. It is interesting that Sheffield East saw a 
reduction in its mean tooth decay score upon the implementation of model run 10 
(Pathway 4.2), 11 (Pathway 4.3) and 12 (Pathway 4.4). These pathways saw the 
introduction of tooth brushing habits (Pathway 4.2), attendance, fluoride and tooth 
brushing (Pathway 4.3), and fluoride intake via social capital (Pathway 4.4). Again 
while these pathways did not have a statistically significant impact on the overall trend, 
fluoride consumption, tooth brushing and dental attendance are all variables that would 
be expected to be beneficial to oral health, and it is interesting that these resulted in 
large reductions in Sheffield East, but not Sheffield West. What is clear from both 
figures however, is the large effect that the implementation of the seventh pathway had 
in both study areas. 
These results show that there was a statistically significant difference between the 
original tooth decay scores for each of the study areas, and the new tooth decay scores 
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after the pathways had been added. Further analysis of this revealed an interesting 
pattern, which involved no statistically significant differences after the first 6 model 
runs (Pathways 2.1, 2.2, 2.3, 3.1, 3.2 and 3.3), before a statistically significant increase 
in the number of decayed teeth upon the addition of the seventh model run. This 
involved the addition of Pathway 3.4, which allowed agents to visit shops and 
supermarkets, through which they consumed sugar. Beyond this, there were no 
statistically significant differences in model runs 8-14 (Pathways 3.5, 4.1-4.6). The 
ability to visit shops and supermarkets, and the consumption of sugar through these 
visits therefore had the most influence on the model outcome variable score, and stands 
out as the most important pathway statistically.  
 
5.3.3. Simulation two – analysing the effects of a new shop 
The next set of simulations were also conducted using the University of Sheffield’s 
supercomputer. The scores from model run 14 were used as the baseline data, as this 
represented the agent-based model with all of the theoretical pathways included. The 
extra shop locations were then added to this (see Section 5.2.5), and tested separately. 
The baseline and simulation scores for Sheffield East can be seen in Table 38.   
Table 38 – Baseline model compared to the new simulation (Sheffield East) 
Simulation 
run 
Decayed teeth – baseline 
Decayed teeth – new 
simulation 
1 23892514.47 24628229.57 
 
The original idea had been to compare these two datasets using dependant t-tests, 
however the data for both the baseline data and the simulation involving the extra shop 
were non-normally distributed. The Wilcoxon Signed-Rank Test, the non-parametric 
equivalent of the dependant t-test, was therefore used instead. The descriptive statistics 
for this test for Sheffield East are shown below in Table 39. 
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Table 39 – Descriptive statistics for the Wilcoxon Signed-Rank Test (Sheffield East) 
 N Mean Std. Deviation Minimum Maximum 
Original 
score 
10 23892514.4660 3024731.11816 18421135.12 26848098.84 
New 
score 
10 24628229.5720 2664690.91004 20328246.40 29180923.78 
 
The test statistics showed there to be no statistically significant differences between the 
two scores (Z = .000, p = 1.000), implying that the tooth decay scores in this area 
remained relatively stable through this experiment. The Sheffield West data were then 
analysed in a similar manner, and the baseline and simulation scores can be seen below 
in Table 40. 
Table 40 – Baseline model compared to the new simulation (Sheffield West) 
Simulation 
run 
Decayed teeth – baseline 
Decayed teeth – new 
simulation 
1 50582640.46 47456156.26 
 
These data were also checked for the normality of their distribution. The data for the 
baseline model were normally distributed, while the data for the new simulation with 
the extra shop location were non-normally distributed, so again the non-parametric 
Wilcoxon Signed-Rank Test was used. The descriptive statistics for the Sheffield West 
study area are presented below in Table 41.  
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Table 41 – Descriptive statistics for the Wilcoxon Signed-Rank Test (Sheffield West) 
 N Mean 
Std. 
Deviation 
Minimum Maximum 
Original 
score 
10 50582640.4620 467343.02726 49794767.24 51535015.52 
New 
score 
10 47456156.2640 785236.81633 45880398.88 48406913.84 
 
This test showed there to be a statistically significant difference between the two scores 
(Z = 10.000, p = .002), indicating that the presence of an extra shop had a significant 
effect on tooth decay scores in the Sheffield West study area. Looking at the data in 
Table 41, this can be inferred as a statistically significant decrease in tooth decay scores.  
Overall this demonstrates that adding an extra shop to each study area had differing 
effects. When added to the Sheffield East study area tooth decay scores remained 
similar to those in model run 14 (the final model in Table 20, containing all of the 
theoretical pathways), with no statistically significant differences between these two 
models. However, the addition of a shop to the Sheffield West study area resulted in a 
statistically significant reduction in tooth decay compared to model run 14. While 
additional shops may be expected to increase decay due to the increase in available 
produce, it may be that in the case of Sheffield West, the produce available aids in 
reducing tooth decay scores. This will be discussed in greater detail in Chapter 6 
(Section 6.2.2). 
 
5.4. Conclusions  
This chapter has helped to achieve both the second and third research objectives 
outlined in Section 1.2.  
 To build simulation models capable of representing these theoretical pathways 
 To use these simulation models to find the most influential theoretical pathways 
within different neighbourhoods within Sheffield 
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Regarding the achievement of the first of the two objectives listed above, the agent-
based models were combined with the base data from the spatial microsimulation 
model, to create fully functioning simulation models for two contrasting locations 
within Sheffield, which represents a rare example of the combination of these two 
techniques. This stage of the research allowed for the individuals in a representative 
population dataset to be combined with an interactive modelling environment. The 
flexibility and interactivity of this environment allowed the second objective to be 
achieved, as the individual pathways were added, then tested sequentially to assess their 
effect on the outcome variable score in the two study areas. By achieving this second 
objective (the third overall) all three of the main elements of this research were brought 
together, culminating in the achievement of the overall aim of this research, to 
investigate how neighbourhood effects may influence patterns of spatial inequalities in 
tooth decay, in an exploratory manner. 
This chapter has demonstrated the flexible nature of agent-based models. Further, it has 
also demonstrated the complexity of such models, and the need for careful verification 
and calibration as the minimum that should be conducted when creating them. 
Standardised approaches such as the ODD protocol may provide a way to communicate 
the details of such complex models in an understandable and reproducible way. While 
the values from the models were not as accurate as would have been liked, the trends 
associated with these demonstrated that the pathway involving the introduction of 
shops/supermarkets, which influenced agents’ diet and health damaging behaviours, had 
the most significant effect of all of the pathways. This was the case for both study areas. 
The addition of an extra shop to each area had a statistically significant impact in the 
Sheffield West study area, but not in the Sheffield East study area. A more detailed 
discussion of the potential mechanisms behind both of these simulations will be 
provided in Chapter 6. 
As with previous chapters a number of limitations were noted throughout, including 
data availability, pathway simplification, the use of administrative data to define the 
spatial units used in this research, and the computational intensity of the agent-based 
models. These will be discussed in more detail in Chapter 6. 
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Chapter 6 – Discussion 
 
‘We do not know a truth without knowing its cause’ – Aristotle (384–322 BC) 
 
6.1. Introduction 
The overall aim of this thesis was to investigate how neighbourhood environments 
influence patterns of spatial inequalities in tooth decay. To achieve this aim, the 
objectives of this research were to identify theoretical pathways by which 
neighbourhoods influence tooth decay, to build simulation models capable of 
representing these theoretical pathways, and to use these simulation models to find the 
most influential theoretical pathways within different neighbourhoods. This research 
was conducted in an exploratory manner, due to the lack of previous research to guide 
it, and the difficulties in producing accurate real world values. The trends associated 
with the output of the agent-based models were therefore the main outcome studied in 
this research, as opposed to the exact values produced through these simulations. The 
goal was to analyse the trends from the data from the agent-based models to determine 
which of the pathways had the most impact on tooth decay, from which potential key 
mechanisms could be identified. 
This research was the first to take a geographical approach to studying neighbourhood 
determinants of tooth decay, as well as being the first in the field to incorporate multiple 
data sources and a theoretical framework into an agent-based model. The theoretical 
framework (Macintyre et al, 2002) was used to identify pathways by which 
neighbourhoods influence tooth decay, before using spatial microsimulation to create a 
population of individuals with associated characteristics, which the pathways were 
tested on using the agent-based models. In general, there has been a lack of simulation 
modelling within Dental Public Health, with only five other examples of agent-based 
models identified within the field (Metcalf et al, 2013; Roudsari et al, 2016; Wang et al, 
2016; Sadeghipour et al, 2016; Sadeghipour et al, 2017). This study has highlighted the 
benefits of such an approach for Dental Public Health, and it is hoped that this work will 
be built on in future. 
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The discussion of this research will be split into three sections. Section 6.2 will discuss 
the key findings in relation to the main themes and determinants of tooth decay 
identified in Section 2.5 of the literature review, and whether the importance of these 
themes in determining tooth decay scores was supported or not by the agent-based 
modelling. The themes that were observed to have a significant impact on the outcome 
variable score within the agent-based models will be addressed first, before discussing 
those that did not. It is important to remember that just because a pathway was not 
judged to have a significant impact on the model, it does not mean that the themes or 
variables in that pathway are not significantly associated with tooth decay. This is 
because the statistical analysis looked for pathways that lead to a statistically significant 
increase or decrease in the total tooth decay score for each study area, rather than 
significant associations between variables and tooth decay individually. Section 6.3 will 
then provide a brief comparison of the results of key themes and determinants between 
the two study areas, with a discussion of these trends. Finally, Section 6.4 will consider 
the methodological and conceptual strengths and limitations of the overall approach 
taken within this thesis, before discussing assumptions that were made in designing the 
models. 
 
6.2. Key findings 
6.2.1. Key themes and determinants supported by the agent-based modelling  
Area of residence and features of the built environment 
A number of built neighbourhood level variables have been studied in relation to oral 
health. Tellez et al. (2006) included churches in their analysis and demonstrated 
associations between these and cavitated carious lesions, while Aida et al. (2008) found 
associations between community centres and tooth decay. Borenstein et al. (2013) 
included a variety of neighbourhood level features including supermarkets, fast food 
restaurants, number of social services, and number of parks per Census Tract. They 
found significant associations between social services and dental visits, as well as 
between park space and self-rated oral health. Other studies have included 
neighbourhood level features in the form of people’s opinions on access to them, 
including public libraries, medical services, parks and banks, however no significant 
relationships with self-reported oral health were found (Finlayson et al, 2010). Studies 
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from Brazil have also included a number of other neighbourhood based variables such 
as overcrowding which was associated with dmft scores (Antunes et al, 2002), areas of 
substandard living (Moyses et al, 2008) which proved to have associations with dental 
trauma, and urban social facilities per health district (Carvalho et al, 2010), which were 
found not to be a predictor of dental trauma in children.  
Beyond these variables, there were two that stood out in particular, due to their more 
common occurrence within the literature. The first of these was dental practices. Given 
the literature regarding the importance of dental attendance (Listl, 2012), as well as the 
potential uneven distribution of these services (Jones et al, 2001), dental practices were 
an obvious feature of the local environment that needed to be included. The second 
variable was the presence of shops and/or supermarkets. Given that the oral health 
literature has shown decay to be influenced by diet (Moynihan and Petersen, 2004), and 
that other authors have hypothesised the importance of shops (with regard to both 
access, and available foods) for oral health (Mobley et al, 2009; Fonseca, 2012) it was 
the logical decision to include shops as a second neighbourhood based feature. Both of 
these features were represented by point data, marking the geographical location of the 
relevant buildings that fell within the study area boundaries. Shops and dentists were 
both included as part of the third theme within the theoretical framework used to guide 
this research (Macintyre et al, 2002), namely ‘services provided, publicly or privately to 
support people in their daily lives’.  
The locations of dental practices were included in one pathway (Pathway 3.5) which 
was concerned with the pathway between dental attendance and dental knowledge. This 
pathway did not have a significant effect on the outcome variable score in either study 
area, which was extremely surprising given the emphasis in the literature on the 
importance of attendance at dentists (Donaldson et al, 2008), and the subsequent 
benefits of this (Listl, 2012). Practices were not differentiated based on whether they 
were NHS or private dentists however, and this may have influenced this result. 
However, given that there were only two practices in the Sheffield West model, and one 
in the Sheffield East study area, it could be argued this would have made little 
difference in the context of this research. Such differentiation in a study of the whole 
city may have had more of an impact. The locations of shops and supermarkets were 
included in one pathway (Pathway 3.4), which analysed the interactions between 
visiting a shop, diet, and health damaging behaviours. This pathway was shown to have 
240 
 
a significant impact upon the outcome variable score in both the Sheffield East and 
Sheffield West study areas. The importance of shops and supermarkets has been 
stressed in the literature so it is not surprising to see them have a significant impact on 
tooth decay, and it may be that the dietary parts of this pathway also played a role in its 
significance. This will be discussed in more detail in Section 6.2.2. 
 
Diet 
Diet has been shown to be vitally important to oral health, and tooth decay in particular. 
Nutritional intake has been shown to differ between income groups (National Diet and 
Nutrition Survey, 2014), while women with lower educational attainment were shown 
to have less control over family food choices, with economic pressures limiting the 
amount of healthy food available (Barker et al, 2008). Studies have also shown that 
areas of low socio-economic status were more likely to be served by shops containing 
low-nutrient food (Mobley et al, 2009), while Fonseca (2012) identified low income 
areas as tending to be served by fewer large supermarkets that offer a variety of 
produce. Sheiham (2006) had commented on the susceptibility of undernourished 
children to decay, while decay leading to tooth loss has been associated with diets 
lacking fruit, vegetables and other vitamins (Moynihan and Petersen, 2004).  
Conclusive links have also been made between sugar consumption (including frequency 
of consumption) and decay (Sheiham, 2001). High sugar intake through soft drinks has 
been linked to decay in low income adults (Burt et al, 2006), as well as in children from 
low socio-economic backgrounds (Warren et al, 2009). Dietary related diseases such as 
metabolic syndrome have also been associated with caries and decayed teeth (Timonen 
et al, 2010; Ojima et al, 2015). Diet featured in three of the themes of the theoretical 
framework used in this research, the first being theme two (‘healthy environments at 
home, work and play’), due to the effects material circumstances can have on diet 
through financial constraints (Barker et al, 2008; Fonseca, 2012). Diet also featured in 
the third theme (‘services provided, publicly or privately to support people in their daily 
lives’), through health damaging behaviours associated with dental knowledge 
(Moynihan and Petersen, 2004), and through produce purchased from supermarkets 
(Mobley et al, 2009). Finally, diet also featured in the fourth theme (‘socio-cultural 
features of a neighbourhood’), due to the effects of collective health behaviours 
affecting dietary outcomes (Moynihan and Petersen, 2004; Warren et al, 2009). 
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Diet was therefore featured in four separate pathways in the agent-based modelling; 
three times as ‘diet’, and once as ‘health damaging behaviours’. The first of these 
(Pathway 2.2) was the pathway between material circumstances, financial constraints, 
purchasing power, diet and sugar intake. Within this pathway diet was represented by 
the number of cakes eaten per week, while sugar consumption was also included as an 
additional variable representing sugar intake. The second pathway to include diet was 
Pathway 3.3, the pathway between education, dental knowledge, and health damaging 
behaviours. In this pathway diet was represented by sweet consumption as a proxy for 
health damaging behaviours. The third use of diet in the agent-based models came in 
Pathway 3.4, between supermarket/shop visiting, diet and health damaging behaviours. 
In this pathway, diet was represented twice, first through sugar intake acting as a proxy 
for diet, with consumption of sweets as a proxy for health damaging behaviours. The 
fourth and final use of diet was in Pathway 4.1 which measured the interactions between 
health behaviours, diet and nutrition/sugar intake. In this pathway diet was represented 
by the number of cakes eaten per week, while nutrition/sugar consumption was 
represented by the ‘high sugar intake’ variable from the ADHS.  
It is surprising that only one pathway containing dietary based pathways, measuring 
interactions between visiting a shop, diet and health damaging behaviours (Pathway 
3.4), was found to have a significant impact on the outcome variable score. This 
significant effect occurred in both study areas. The addition of the shop locations to the 
model may also have played a role in these results, given the links between these 
locations and diet demonstrated in the literature (Mobley et al, 2009; Fonseca, 2012). 
The pathway between material circumstances, financial constraints, diet and sugar 
intake (Pathway 2.2) included sugar consumption for the ‘sugar intake’ construct, which 
has been shown to be harmful to oral health (Sheiham et al, 2001; Burt et al, 2006). 
While the inclusion of sugar in this pathway is a logical choice based on the literature, it 
may be that using the number of cakes eaten per week for the ‘diet’ variable was not an 
accurate enough proxy. The pathway between education, dental knowledge and health 
damaging behaviours (Pathway 3.3) may also have been affected by the 
operationalisation of variables, as sweet consumption may not be an accurate enough 
variable to represent health damaging behaviours. Nevertheless, it is surprising that a 
variable concerning sugar consumption did not have a significant influence, particularly 
when it formed part of another dietary based pathway that did have a significant effect. 
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Pathway 4.1, the pathway between health behaviours, diet and nutrition, may have also 
suffered from the same problem as the previous two pathways, as the lack of impact 
may be due to the use of the ‘ncakes’ variable as a proxy for diet. This could potentially 
suggest that sugar consumed in other ways not specifically related to cake consumption 
is more damaging to oral health.  
Given the significance of the pathway between shops, diet and health damaging 
behaviours, it may be that certain combinations of dietary behaviour and sugar 
consumption (i.e. high sugar intake and consumption of sweets) have more of an impact 
on tooth decay than others, or more influence than individual dietary variables, such as 
the case of sweet consumption in the pathway between education, dental knowledge and 
health damaging behaviours (Pathway 3.3). Given that the two themes that were shown 
to have a significant impact on the outcome variable score (shop locations and diet) 
were from the same pathway, these will be discussed together in Section 6.2.2 below.  
 
6.2.2. Shops, sugar and tooth decay 
Pathway 3.4 started by introducing shops as locations for agents to visit, however once 
they arrived the processes that occurred were based at the individual level. As Table 24 
shows, the second and third sections of this pathway were concerned with high sugar 
intake, and the consumption of sweets by individuals. Section 6.2.1 outlined the adverse 
impacts on oral health, particularly tooth decay, associated with high consumption of 
sugars. While the sweet consumption construct referred to sugar intake through a 
particular type of produce, the high sugar intake variable (‘highsug’) included high 
intake (6 or more times a week) of cakes, biscuits, puddings, pastries, sweets, chocolate 
or fizzy drinks, so it is not clear which sugar related produce may be the most important 
in this construct. It may well be that sweet consumption was the most important part of 
this second construct, however there is no way to tell. There is also no way to gauge 
from the results which individual elements of the pathway influenced the significant 
outcome the most.  
One explanation for the significance of this pathway could be that individual level 
behaviours which are known to be important to oral health (for example, diet and sugar 
intake) can be mediated by features of the physical environment, in this case shops. This 
could indicate that both neighbourhood and individual level factors have been identified 
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that could play an important role in tooth decay scores, with one neighbourhood level 
variable (shops/supermarkets) and two individual level variables (diet and health 
damaging behaviours) associated with a significant effect on the model. This would be 
broadly in line with the findings of previous conventional studies of the effects of 
neighbourhoods on health, which have argued for the importance of contextual 
environments, including Curtis and Rees-Jones (1998) who demonstrated empirical 
evidence for the role of context in explaining health inequalities, independent of 
individual level attributes. This was despite individual level characteristics ‘explain[ing] 
more of the statistical variability in health’ (p.667). Pickett and Pearl (2001) and Riva et 
al. (2007) echoed these assertions, despite the latter commenting on the methodological 
weakness of much of the literature. Macintyre et al. (2002) summarised general trends 
within the health inequalities literature, stating that ‘most investigators have tended to 
conclude that where you live matters for health, although probably not as much as who 
you are’ (p.128). Pearson et al. (2013) have previously stated that there are three 
elements of neighbourhoods that influence health, and have generally been found 
throughout the literature – built, physical and social elements. This research has 
demonstrated that all three of these elements are potentially important for tooth decay, 
although only two were tested (built and social) due to the physical elements (water 
fluoridation) not being present in the study areas. 
The findings of this research have therefore added to knowledge of theory surrounding 
neighbourhoods in relation to oral health which was previously a very underdeveloped 
section of the literature, by demonstrating that features such as shops and supermarkets 
are potentially the most important contextual level features for tooth decay through the 
dietary processes that occur through them. More specifically, the agent-based models 
have allowed for a better understanding of the effects of theoretically relevant processes 
by adding them cumulatively in an interactive and dynamic nature, allowing for the 
effects of individual pathways to be assessed. 
While the connection between increased tooth decay and the intake of sugar is not 
surprising, fewer studies have investigated the importance of shops to oral health 
outcomes. Of those that have, most have argued for (Mobley et al, 2009; Fonseca et al, 
2012) or found significant relationships between shops and decay (Tellez et al, 2006; 
Aida et al, 2008), while one study found no associations (Borenstein et al, 2013). These 
studies provide the main evidence in supporting the idea that shops and supermarkets 
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may be important in determining levels of tooth decay. A review by Mobley et al. 
(2009) found that residential location influenced the ability of families and individuals 
to buy healthy food, this being a particular problem for low socio-economic groups and 
ethnic minority populations. Mobley and colleagues further stated that in rural and 
poorer urban areas stores selling ‘high energy, low nutrient dense foods’ (p.6) were 
more common than larger stores offering access to a range of healthy and nutrient rich 
foods. Fonseca’s (2012) review also revealed that low income groups have particular 
problems accessing such stores, due to the price of healthy produce, and the distance of 
the stores from their homes, representing a double burden. Tellez et al. (2006) 
demonstrated positive associations between cavitated carious lesions and number of 
grocery stores in a neighbourhood in their multilevel modelling of the association 
between neighbourhood characteristics and caries, in a low income African-American 
population. Aida et al. (2008) also found significant associations between the number of 
grocery stores per resident and higher levels of dmft in their multilevel analysis of the 
effect of social context on caries in 3-year-olds in Japan. Conversely, Borenstein et al. 
(2013) used multilevel modelling to test for associations between oral health and 
individual level, socio-economic and neighbourhood level factors in Toronto. While 
social services per Census Tract and park space showed associations with oral health 
outcomes, supermarkets showed no significant associations with self-rated oral health, 
dental visits, or dental insurance coverage. 
While previous research has highlighted the importance of dentists to oral health 
(Donaldson et al, 2008; Listl, 2012), the finding here that shops were more important 
for tooth decay is conceptually logical. For example, in the majority of urban areas in 
the UK, shops and supermarkets are likely to outnumber both dentists and educational 
facilities, and are also likely to be visited on a more regular basis, even when taking into 
account individuals attending regular classes at educational facilities, or with quick 
repeat appointments at dentists. In the Sheffield East study area, there were six shops 
compared to one dentist and two educational facilities, while in the Sheffield West 
study area there were four shops and two dentists. Given that shops made up the 
majority of the physical locations in the models, and had the highest probability of 
being visited, it is perhaps hardly surprising that they had the largest effect. This in a 
way acts as a further argument for the validity of the models. The results are also 
consistent with those that place importance on food environments in the wider public 
health literature. For example, Inagami and colleagues (2006) found that the type of 
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shop and distance travelled to these were associated with BMI levels. This research also 
found that supermarket presence was associated with lower obesity levels, with the 
converse true of convenience stores (Morland et al, 2006), as well as fast food 
establishments (Morland et al, 2009). Caution should be exercised in that all of these 
studies were based in North America, as studies of diet and food environments have 
been shown to differ between US and UK contexts (Macdonald et al, 2011).   
The work of Mobley et al. (2009) and Fonseca (2012) regarding the difficulties that 
certain groups face in accessing healthy and nutritious food raises an important issue, as 
it may not simply be the presence of shops and supermarkets that are important, but 
rather the types of goods they sell. For example, there does not seem to be a guarantee 
that access to supermarkets and shops with a wide range of food will always lead to 
positive health habits. This is supported by the work of LeDoux and Vojnovic (2014). 
Their research investigated the link between the residential neighbourhood food 
environment and diet among low income populations in Detroit. Through the use of 
household questionnaire data on dietary habits, as well as GIS to measure distances to 
supermarkets, and a measure of ‘cumulative opportunities’ to capture individual’s 
immediate food environments, the authors found that while residents with a greater 
number of supermarkets in their vicinity consumed healthier food, they were also more 
likely to consume a higher number of sugary and salted items as well. The cumulative 
opportunities of neighbourhood food environments were shown to be more important 
than proximity to supermarkets, as fast food establishments in the local environments 
reduced the intake of fruit and vegetables. Proximity also played a key role though, and 
LeDoux and Vojnovic (2014) comment on the complicated way the influence of 
supermarkets decreases with increased distances from them, and how some residents 
were ‘forced by the composition of their food environment to expend additional 
resources to reach food outlets that provide affordable, quality and nutritious foods’ 
(p.16). This is similar to conclusions drawn by other authors cited in this research 
(Mobley et al, 2009; Fonseca, 2012). However, the complexity of the findings of 
LeDoux and Vojnovic’s (2014) work should be born in mind especially in the context 
of the findings of this research, as proximity or types of food sold in a supermarket may 
not be enough to explain shopping and/or consumption patterns on their own. 
With this previous research in mind, it was interesting to note that the second simulation 
experiment (where an extra shop was added to each area to assess its effect on tooth 
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decay scores) produced divergent results for the two study areas. In the Sheffield East 
study area, there was no significant difference between the baseline tooth decay score (a 
model including all of the theoretical pathways) and the new simulation (a model with 
all the pathways and an additional shop). However, in the Sheffield West study area 
there was a statistically significant reduction in the tooth decay score between the 
baseline and new simulation model. This indicates that the presence of an extra shop in 
Sheffield West helped to reduce tooth decay while, with the same scenario, levels of 
tooth decay remained similar in Sheffield East. While the statistical tests offer no details 
as to why this may have occurred, one explanation could be that the types of food 
available in Sheffield West may be more conducive to better diets and oral health 
outcomes, whereas the types of food available in Sheffield East could maintain tooth 
decay scores on the current trend. This could tentatively indicate that both the number 
of shops and the types of food sold are important for decay in Sheffield West, while 
only the types of food sold are important to decay in Sheffield East. The trends in 
Sheffield West would seem to fit with the conclusions of LeDoux and Vojnovic (2014), 
in that the cumulative opportunities of local food environments seem to be influential, 
as more shops, possibly selling certain types of produce, helped to reduce decay scores. 
The cumulative opportunities of local food environments in Sheffield West may 
therefore be more beneficial for oral health, as while decay scores decreased in this part 
of the city, they remained stable in Sheffield East, suggesting fewer opportunities in the 
latter local food environment to influence decay scores. 
 
6.2.3. Themes not supported by the agent-based modelling 
Income 
Income has been shown to be a key determinant of inequalities in tooth decay, and there 
is a large amount of literature that has established this association, as reviewed in 
Section 2.5. Income inequalities measured using the Gini coefficient have been shown 
to have negative effects on the oral health of societies (Pattussi et al, 2001; Celeste et al, 
2009), while other studies measuring average or personal income have also shown these 
measures have significant associations with tooth decay scores (Aida et al, 2008; Costa 
et al, 2012), particularly for those in the lowest income brackets (Geyer et al, 2010). 
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Income has been related to tooth decay via a number of potential mechanisms, including 
access to dental care, access to fluoridated water, as well as access to helpful 
information about oral health and products that help to maintain it (Costa et al, 2012). 
Disinvestment in public services, the erosion of social capital, and psychological 
stresses through social comparisons have also been highlighted as ways in which 
income might lead to inequalities in decay (Bhandari et al, 2015). Income levels have 
also been linked with diet, with regard to both the types of food that families can afford, 
as well as the types of foods available in low income areas (Fonseca, 2012). Through 
these mechanisms income is closely linked with the material circumstances in which 
people live. Income was included within the third theme in Macintyre and colleague’s 
(2002) theoretical framework (‘services provided, publicly or privately to support 
people in their daily lives’) as a measure of earnings from employment opportunities. 
Within the agent-based models, income was present in the pathway between 
employment and social hierarchy position (Pathway 3.1), represented by the 
‘employment’ section of the pathway. The data used to represent this were model based 
income estimates for MSOAs, which was the estimated average weekly household 
income in each geographical area. This was the only pathway that directly assessed the 
impact of income. The results showed that this pathway did not have a significant effect 
on the outcome score of the model when added in either study area. This is somewhat 
surprising given the overwhelming support for the effects of income on tooth decay, as 
detailed above. While income seems to have been represented appropriately by its proxy 
variable, it may be that the binary nature of the NS-SEC variable representing ‘social 
hierarchy position’ caused the data to become too polarised in nature, possibly affecting 
the results for that pathway. The issues surrounding the NS-SEC variable will be 
discussed in further detail in the review of socio-economic position later in this chapter.  
As outlined in Section 2.5, income is also an important marker of material 
circumstances, and is associated with the ownership of a number of important material 
possessions (Wilkinson, 1997; Galobardes et al, 2004). This has also been demonstrated 
with regard to oral health through measures such as the Townsend Deprivation Index 
(O’Hanlon et al, 1997), and through the presence or absence of material items and 
concepts such as inside toilets, housing construction material, car ownership, housing 
tenure, overcrowding, and piped water availability (Nicolau et al, 2005). Diet and oral 
health related resources could also be thought of as material circumstances impacted 
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through income (Fonseca, 2012; Costa et al, 2012). Material circumstances was featured 
in the second domain of the theoretical framework, ‘healthy environments at home, 
work and play’, and primarily revolved around the material circumstances that 
individuals found themselves living in, and the associated financial constraints that 
occurred as a result. These in turn impacted on the ability of individuals and families to 
purchase certain types of food as well as access certain knowledge resources. Finding 
such variables to be important was hardly surprising, given the links between more 
general health inequalities and measures of social position (Wilkinson and Marmot, 
2003), as well as the importance of diet for other health conditions and mortality (Kant, 
2004). 
Within the agent-based models, material circumstances were represented by house price 
statistics for MSOAs, taken from the Neighbourhood Statistics website. This 
represented the median house price value for each geographical area. This was seen as 
an appropriate proxy due its use as a marker of material standards in previous studies, 
which also identified this variable as an important indicator (Nkosi et al, 2011; Tunstall 
et al, 2013). Material circumstances was the starting point for three pathways including: 
a pathway between financial constraints, stress, and smoking as a coping mechanism 
(Pathway 2.1); through financial constraints which impacted on purchasing power and 
diet (Pathway 2.2); and finally through access to knowledge resources impacting on oral 
health habits (Pathway 2.3). None of the pathways involving material circumstances 
significantly changed the tooth decay scores in either study area within the statistical 
analysis when added. Again, this is surprising given the evidence for a link between 
tooth decay and material circumstances (and its associated variables) is fairly strong, 
and the operationalisation of the material circumstances construct was also appropriate. 
For example, there is a strong link between material circumstances and income (Costa et 
al, 2012), which has been shown to have strong associations with tooth decay within the 
literature (Geyer et al, 2010).  
 
Education 
Similar to income, education has also been shown to be a strong determinant of tooth 
decay. Education in early years has been shown to be a marker of inequalities in tooth 
decay scores (Muirhead and Marcenes, 2004), while the effects of education on 
inequalities in tooth decay have been shown to continue into adulthood (Brennan et al, 
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2007; Geyer et al, 2010; Mamai-Homata et al, 2012). A systematic review on the 
determinants of tooth decay in adults also found that 6 of the 9 studies related to 
education found similar associations (Costa et al, 2012).  
Education has been hypothesised to be associated with differences in knowledge related 
to dental hygiene practices and the prevention of decay (Geyer et al, 2010). Education 
may also act as a mediator between tooth decay and socio-economic position, 
influencing income and access to preventative oral health measures, and has also been 
posited to influence health literacy and behaviours (Singh et al, 2013; Sabbah et al, 
2015). Education was featured in the third theme within the theoretical framework used 
to guide this research (‘Services provided, publicly or privately to support people in 
their daily lives’). The inclusion of this variable was a logical choice given its links to 
tooth decay as well as other health outcomes affected by the social determinants of 
health (Wilkinson and Marmot, 2003).  
Education was present in two pathways within the agent-based models. The first of 
these was the pathway between education and social hierarchy positions (Pathway 3.2). 
In this pathway education was represented by whether an individual’s highest 
qualification was above or below degree level. This pathway did not have a significant 
impact on the overall tooth decay scores in either study area, which was surprising 
given the importance placed on education within the oral health inequalities literature, 
as indicated in Section 2.5. Similar to the issue with the NS-SEC variable in the income 
related pathway, it may be that the binary nature of the education variable did not help 
in capturing the potential social gradient associated with this variable.  
The second use of education within the agent-based models was in the pathway between 
education, dental knowledge and health damaging behaviours (Pathway 3.3). This time 
education was represented as point data within the models, representing the locations of 
further education facilities in the city, and those that offered apprenticeships. These 
locations were only present in the Sheffield East model, and were limited to use by 
those aged 16-24. As with the previous education based pathway, this was also shown 
not to have a significant influence on the outcome variable score in either study area. 
This is perhaps less surprising than the findings for the previous education based 
pathway, as education is often measured as an individual level variable rather than as 
location data, and only two education based facilities were present in the Sheffield East 
study area. This does, however, demonstrate the benefits of agent-based modelling in 
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being able to test such scenarios. It may be that limiting the use of such facilities to one 
age band influenced the results. This decision was taken as this age group is the most 
likely to start apprenticeships (Department for Education, 2017), although there were 
also large numbers of starters from other, older age groups. However, given the results 
of the rest of the pathways, it seems unlikely that changing this would have had a 
significant impact on the outcome. 
 
Employment 
Costa et al. (2012) have shown that occupations of higher standing are linked with 
lower severity of tooth decay in adults, while a number of authors have demonstrated 
that unemployment is a risk factor for tooth decay (Tellez et al, 2006; Roberts-Thomson 
and Stewart, 2008). Parental occupation has also been shown to be a risk factor for tooth 
decay in children (Vanobberge et al, 2001; Gokhale and Nuvvula, 2016). Further, 
unemployment has been associated with oral health related behaviours, with lower 
employment status associated with less frequent use of dentists (Guiney et al, 2011), as 
well as xylitol use and the increase of behaviours such as smoking and drinking (Al-
Sudani et al, 2016). Employment fell into the third theme of the framework of 
Macintyre and colleagues (2002) (‘services provided, publicly or privately to support 
people in their daily lives’). Much like education, it is not surprising to see employment 
(or unemployment) emerging as an important variable within this theme, given its links 
to tooth decay development, as well as other health conditions through the social 
determinants of health (Wilkinson and Marmot, 2003).  
Employment was included through the use of model based income estimates at the 
MSOA level, on the pathway between employment and social hierarchy position 
(Pathway 3.1). As detailed in the ‘income’ section above, this pathway did not have a 
significant effect on the outcome of the model for tooth decay scores in either study 
area. There seems to be enough evidence to suggest that employment is an important 
variable for tooth decay scores, despite some research finding this not to be the case 
(Julihn et al, 2006). Therefore, this variable would perhaps have been expected to have 
a significant impact on the outcome variable scores, particularly as it was represented by 
income, which also has strong associations with tooth decay (Celeste et al, 2009; Costa 
et al, 2012). As previously mentioned, the binary nature of the NS-SEC variable used to 
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represent social hierarchy position may have caused the data to become too polarised, 
not allowing for the potential social gradient in this variable to be explored. 
 
Socio-economic position 
Watt and Sheiham (1999) have highlighted the importance of socio-economic status for 
inequalities in decay in both adulthood and childhood, while Schwendicke et al. (2015) 
have shown lower socio-economic positions to be associated with a higher risk of 
decay. Longitudinal research has also shown that differences in socio-economic 
inequalities in a number of oral health indicators (including tooth loss from caries) 
persist throughout the life course (Thomson et al, 2004). Hobdell et al. (2003) have also 
demonstrated socio-economic gradients in dental caries, implicating wider structural 
processes in such patterns. However, Costa et al. (2012) found sizeable variance in the 
results of studies assessing the impact of socio-economic status, with the inconsistency 
in variable classification mooted as a possible cause for these results. As with the 
previous two variables, socio-economic position featured in the third of Macintyre and 
Colleagues’ (2002) framework themes (‘services provided, publicly or privately to 
support people in their daily lives’), and was a logical addition to this research due to its 
links with decay and the social determinants of health (Wilkinson and Marmot, 2003).  
Socio-economic status was featured in one of the theoretical pathways, between 
employment and social hierarchy position (Pathway 3.1). Within the agent-based 
models socio-economic position represented the ‘social hierarchy position’ construct, 
and was operationalised using the National Statistics Socio-Economic Classification 
(NS-SEC). This variable has been noted in the ‘income’ and ‘employment’ sections of 
this discussion chapter, as well as in previous chapters (See Section 5.2.7), due to the 
difficulty in using it in this analysis. This is primarily due to the non-hierarchical nature 
of the data, which would make it inappropriate to create arbitrary thresholds between 
groups in the middle of the data scale. Instead it was decided to use category 8 (‘long 
term unemployed and never worked’) as a reference group in contrast to the other seven 
categories (those that were employed in some way).  
While this matches the way employment has been classified in a number of Dental 
Public Health studies (Tellez et al, 2006; Roberts-Thomson and Stewart, 2008; Costa et 
al, 2012), as well as in wider health inequalities literature (Wilkinson and Marmot, 
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2003), this also created a binary variable out of what is more than likely a far more 
complex indicator. As already reported, this pathway was not shown to have a 
significant influence on the overall outcome variable score in either study area. While it 
cannot be stated for certain that the classification of the NS-SEC data influenced this 
lack of statistically significant impact, Costa et al. (2012) noted that the different 
classifications for socio-economic positions, and the inconsistency associated with this, 
was a potential reason for the inconsistent findings of their review. The classification of 
the NS-SEC data may have had the same impact here, although it would have been 
difficult to avoid this approach without violating the structure of the data.  
 
Psychological factors 
Psychological factors and variables have been linked to tooth decay through a number 
of different mechanisms. Boyce et al. (2010) have demonstrated the biological effects of 
financial stresses and associated links to caries development in children. Other studies 
have also found links between psychological stressors, resources and self-reported oral 
health (Finlayson et al, 2010), as well as between self-reported oral health, personal 
constraints and chronic stress (Sanders and Spencer, 2005). Certain stresses have also 
been associated with the uptake of coping mechanisms such as smoking (Kassel et al 
2003; Ng and Jeffrey, 2003; Siahpush and Carlin, 2005) which can be damaging to oral 
health. Psychological factors were featured in the second theme of Macintyre and 
colleagues’ (2002) theoretical framework (‘availability of healthy environments at 
home, work and play’), due to this variable’s links with financial and material 
constraints, as well as in the fourth theme (‘socio-cultural features of a neighbourhood’) 
through its links with social capital. 
Psychological factors formed part of two of the pathways included in the agent-based 
models. The first of these was the pathway between material circumstances, financial 
constraints, stress, and smoking (Pathway 2.1). The second pathway including 
psychological factors measured the interactions between social capital, stress and 
smoking (Pathway 4.6). Within both of these pathways the variable was represented by 
data on psychological discomfort (‘psychological discomfort – self tense’) from the 
ADHS. While it was not clear if this was a general variable on psychological discomfort 
or one related to oral health, it represented the only psychological stress based question 
in the ADHS. Again, these pathways were shown not to have a significant impact on the 
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overall outcome variable scores when added to the agent-based models in either study 
area.  
While the literature on psychological stress may not be as conclusive as the literature on 
variables such as income or education, it is still somewhat surprising to see this lack of 
statistical impact. The literature does tend to suggest an association between stress and 
tooth decay, however it may be that this is acting through a different mechanism, 
possibly biological (Boyce et al, 2010), which could not be captured in this analysis due 
to a lack of biology based responses in the ADHS. Ideally, although far from easy, 
future surveys or empirical work could consider the inclusion of such variables. It may 
be that the inclusion of smoking in the same pathway could explain the lack of 
significance. Smoking had a far more mixed literature than the other variables in 
Pathways 2.1 and 4.6, and thus could have contributed to the lack of overall significance 
of these pathways. 
 
Coping mechanisms 
Two coping mechanisms relevant to oral health were identified as potential risk factors 
within the literature. Excess alcohol consumption was shown to be a risk factor for tooth 
wear due to gastric acid regurgitation, as well as for dental trauma (Harris et al, 1997). 
Franceschi et al. (1999) also found that alcohol consumption increased the risk of oral 
cancers in each stratum of smokers. However, other research has shown that alcohol did 
not compromise the oral health of its participants (Harris et al, 1996). Due to the 
inconsistent findings, and the lack of links with dental decay, alcohol consumption was 
not included in the analysis.  
Conversely, smoking was seen as a potentially more relevant risk factor for caries and 
tooth decay. Smoking can be a reaction to certain types of stresses in both adolescents 
and adults (Kassel et al, 2003; Ng and Jeffrey, 2003), and has also been associated with 
financial pressures (Siahpush and Carlin, 2005). There is debate in the literature as to 
whether smoking causes tooth decay, with some finding associations between the two 
(Hudson et al, 2007; Bernabe et al, 2014), while others reported no direct aetiological 
links (Reibel, 2003; Vellappally et al, 2007). There is still a suggestion that smoking 
may be a risk factor for decay however (Axelsson et al, 1998; Reibel, 2003), with 
chemical processes making teeth more susceptible to this (Vellappally et al, 2007). 
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Locker (1992) has also reported links with caries in older adults among other conditions 
such as periodontal disease. Winn (2001) has also posited that chewing tobacco may 
increase tooth decay through the high proportion of fermentable sugar found in these 
products. Smoking featured in the second theme of the theoretical framework (‘healthy 
environments at home, work and play’) as a coping mechanism for stress as a result of 
financial constraints, as well as the fourth theme (‘socio-cultural features of a 
neighbourhood’), as a stress related response to social capital.  
Smoking was present in two pathways within the agent-based modelling (2.1 and 4.6). 
The first of these (Pathway 2.1) was the pathway between material circumstances, 
financial constraints, stress and smoking. In this pathway, smoking was represented by 
data on whether an individual had been given advice on giving up smoking. This was 
preferred to another variable on smoking status, as the former was seen as a more 
appropriate indicator of having a problem with smoking. Pathway 2.1 was not found to 
have a significant impact on the outcome score of the model in either study area, 
although unlike some other themes tested in the model this was perhaps not a huge 
surprise. The evidence on the effects of smoking were hardly unanimous within the 
literature, and it may be more suited to investigations of periodontal disease (Pihlstrom 
et al, 2005). The limited data on smoking available in the ADHS meant that the 
construct may not have been operationalised as accurately as it could have been.  
The second pathway (Pathway 4.6) involving smoking featured the pathway between 
social capital, stress and smoking. A similar pathway with stress and smoking was again 
present, with smoking again represented using data on whether an individual had been 
given advice about giving up smoking. Perhaps unsurprisingly, as with the first pathway 
including smoking, no significant change to the outcome variable score was found upon 
adding this pathway to the agent-based models, in either study area. Within this analysis 
it is hard to pinpoint which element of each pathway may have caused or not caused the 
observed results, however in this case it again seems likely that the inclusion of 
smoking and its less than ideal operationalisation may have been detrimental to this 
pathway. 
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Dental health habits 
A number of dental health habits have been found to be important due to their effects on 
tooth decay. Dental behaviours of children have been linked to oral health knowledge of 
both parents and the child (Poutanen et al, 2006), while parental behaviours were also 
associated with the oral hygiene practices of children. Parental attitudes and efficacy 
towards oral health behaviours have also been shown to have a strong influence (Adair 
et al, 2004) on dental health practices in children. In the latter study deprived families 
were also shown to exhibit less confidence in being able to control such patterns. Links 
between education and income have also been found with regard to oral health related 
behaviours (Sabbah et al, 2009). 
Socio-economic disparities in attitudes towards oral health have also been identified, 
with deprivation and education both associated with levels of dental knowledge and 
attitudes towards these (Williams et al, 2002). Singh et al. (2013) have also found 
educational gradients in the clustering of oral health behaviours, with Riley et al. (2006) 
reinforcing the importance of education for oral health related behaviours. Parents with 
higher dental knowledge have been shown to have children with lower levels of decay 
(Chu et al, 1999), and parental influence has been shown to be important in the 
development of decay in children (Hooley et al, 2012). Kumar et al. (2016) have also 
demonstrated the importance of regular brushing for incidence and increment of carious 
lesions. Despite this, Sanders et al. (2006) have disputed the idea that adults from less 
advantageous backgrounds care less about their oral health than those who are less 
deprived.  
Dental health habits were featured in three of the themes as part of the theoretical 
framework used in this research. Firstly ‘healthy environments at home, work and play’, 
through financial constraints impacting upon oral health related knowledge (Williams et 
al, 2002; Singh et al, 2013). Secondly the ‘services provided, publicly or privately to 
support people in their daily lives’ theme, through dental knowledge acquired through 
education (Singh et al, 2013) or dental visits (Tickle et al, 2003). Finally, dental health 
habits were included in the ‘socio-cultural features of a neighbourhood’ theme, through 
collective oral health related attitudes and practices (Poutanen et al, 2006; Riley et al, 
2006). 
Dental health habits were present in six pathways within the agent-based modelling, by 
far the most of all of the constructs considered in this research. The first of these 
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(Pathway 2.3) was the pathway between material circumstances, financial constraints, 
purchasing power, diet and sugar intake. In this pathway dental health habits 
represented as ‘dental knowledge’ was operationalised by data on the fluoride intake of 
an individual. The second use of dental health habit related variables occurred in 
Pathway 3.3, between education, dental knowledge, health damaging behaviours and 
tooth decay. Dental health habits were again represented by the ‘dental knowledge’ 
construct, again in the form of data on fluoride intake. The third pathway using a 
habitual dental health variable was Pathway 3.5, in the pathway between dental service 
usage, dental knowledge, and tooth decay. Again dental knowledge was the construct 
used, with fluoride as its operationalised data source.  
The fourth use of dental health habits came in Pathway 4.2, on the pathway between 
health behaviours, oral health habits and tooth decay. Oral health habits were 
represented by tooth brushing habits, which was operationalised with data from the 
ADHS on the frequency of tooth brushing of an individual each day. Both datasets for 
fluoride intake and tooth brushing levels were present for Pathway 4.3, a pathway 
running between health behaviours, dental attendance, dental knowledge, oral health 
habits, and tooth decay. Fluoride intake was used to operationalise dental knowledge, 
while tooth brushing frequency was again used to operationalise oral health habits. The 
final use of dental habit related variables was in Pathway 4.4, which was concerned with 
social capital and dental knowledge. As with previous pathways, fluoride intake was 
used to represent dental knowledge.  
Given the emphasis on the importance of dental health habits, it was surprising to see 
that none of the pathways associated with variables related to this had a significant 
influence on the outcome variable score in either study area. Pathway 2.3 for example 
appeared to be entirely appropriate in its operationalisation (using fluoride level as a 
proxy for dental knowledge), as was also the case for Pathway 3.5. Pathway 3.3 was 
operationalised in the same way, however the use of sweet consumption as a proxy for 
health damaging behaviours in this pathway may not have been as appropriate, and 
could have affected the results of this pathway.  
The oral health habits construct in Pathway 4.2 was represented using data on tooth 
brushing habits, which again would seem to provide a good fit between construct and 
variable, while the other variable in the pathway (‘health behaviours’, represented by 
‘years of lost life’) was also deemed a good fit. The lack of significant impact was 
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particularly surprising given how important tooth brushing is considered for good oral 
health (Kumar et al, 2016). Official guidance also suggests that teeth should be cleaned 
twice a day (NHS Choices, 2015), so creating a threshold in the agent-based models 
between those who cleaned their teeth twice a day, and those who cleaned their teeth 
less frequently than this also seemed logical. Similarly, the operationalisation of dental 
health habits in Pathways 4.3 (tooth brushing frequency for oral health habits, and 
fluoride level for dental knowledge) and 4.4 (fluoride level for dental knowledge) were 
also deemed a good fit.   
 
Attendance at services 
Dental attendance has been shown to vary by deprivation, with those from deprived 
areas being more likely to attend if symptomatic (Lang et al, 2008). Eckersley and 
Blinkhorn (2001) found similar trends regarding symptomatic visits, while also 
demonstrating a negative association between deprivation and attendance overall. 
Irregular attendance has also been related to adverse oral health outcomes, including 
dmft scores in 5-year-olds (Tickle et al, 1999) from deprived backgrounds, although 
more regular attenders sometimes have more fillings and treatment despite lower levels 
of decay (Sheiham et al, 1985). Other studies have suggested that service usage may 
increase with decreasing disease experience in children (Tickle et al, 2000). The 
importance of attendance is underlined by Tickle et al. (2003), who showed that 
previous treatment received was the most influential factor in parental healthcare 
preferences.  
Further, Listl (2012) has demonstrated that a lack of dental attendance as a child can 
persist throughout the life course. Low income groups have been shown to experience 
considerable barriers to dental services (Wallace and Macentee, 2012), with some pre-
existing socio-economic and demographic variables having higher associations with 
attendance (Guiney et al, 2011; Muirhead et al, 2009). Attendance has also been 
associated with oral health related behaviours (Hill et al, 2013). Donaldson et al. (2008) 
have also found gradients in oral health to be partially explained by dental attendance, 
which is also influenced by the effects of socio-economic status on barriers to regular 
visits.  
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Dental attendance fell under three separate themes from the theoretical framework used 
in this research, including: the second theme (‘availability of healthy environments at 
home, work and play’); the third theme (‘services provided, publicly or privately to 
support people in their daily lives’); and the fourth theme (‘socio-cultural features of a 
neighbourhood’). Dental attendance would also have formed part of the fifth theme 
(‘the reputation of an area’), due to the ability of dentists to set up where they liked 
before 2006 (Landes and Jardin, 2010), however this theme was not included in the 
final analysis, as it was essentially repeating a pathway from the third theme.  
Attendance at services was included within four of the pathways tested in the agent-
based models. Pathway 2.3 focused on the interactions between material circumstances, 
financial constraints, dental knowledge and healthy habits. In this pathway, attendance 
represented the healthy habits construct, and was operationalised by the ‘general dental 
attendance’ variable (which related to more general habits of attendance, rather than the 
exact frequency of visits). Pathway 3.5 was concerned with the interactions between 
dental attendance and acquired dental knowledge. This time attendance was represented 
by data on the frequency of attendance at a dentist. Pathway 4.3 involved the pathway 
between health behaviours, dental attendance, dental knowledge, and oral health habits, 
where dental attendance was again measured using the frequency of visits. Finally, 
Pathway 4.5 included the pathway between social capital, and healthy behavioural 
norms, with attendance (representing the healthy behavioural norms construct) 
represented by general habits of attendance, rather than the exact frequency. 
None of the above pathways were shown to have a significant impact on the outcome 
variable score when added to the agent-based models in either study area. This was 
surprising given the importance of dental attendance stressed within the literature. All of 
the pathways appeared to be operationalised appropriately, as two slightly differing 
variables on dental attendance were used. As such it is difficult to see a methodological 
issue that may have affected the results of these. Conceptually it would however be 
wrong to assume that individuals would only attend dental services in their own, or 
surrounding neighbourhoods, or more specifically, the study areas used within this 
research. It could be that some would travel further from home to use other services for 
a variety of reasons; the Charles Clifford Dental Hospital, for example, if problems 
required particular attention. It may be that individual level attendance patterns may 
have more of an influence if a model of the whole city was conducted. 
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Further, previous research has concluded that the presence of dentists is not related to 
outcomes in decay (Aida et al, 2008). Conversely, there is plenty of evidence to suggest 
that dental attendance is beneficial to oral health (Montero et al, 2014), as well as 
evidence of less regular attendance being associated with higher levels of tooth decay 
(Tickle et al, 2000; Donaldson et al, 2008). Of course the pattern is more complicated 
than this, as more regular attendance can also be indicative of more decayed teeth, 
rather than good oral health habits (Sheiham, 1985). It may be that the variables taken 
from the ADHS do not offer a comprehensive enough coverage of the interactions that 
occur when visiting the dentist. For example, simply looking at frequency of attendance, 
or attendance related habits may not capture more complicated decisions such as choice 
of dentist and the location of this, which may be affected by other factors. Possible 
suggested reasons (other than proximity and location) include opening hours, treatments 
offered, available facilities, dentist reputation and manner, and treatment effectiveness, 
while factors such as patient age, charge paying status, dentist age and gender have all 
been shown to be associated with continued attendance at the same surgery (Lucarotti 
and Burke, 2015). Although one of the advantages of agent-based models is the ability 
to capture complex interactions, programming a list of interactions such as those listed 
above into a model remains a challenge. 
 
Water fluoridation 
Water fluoridation has been shown to have the potential to be an extremely effective 
Dental Public Health initiative. The World Health Organisation has recognised its 
potential to reduce caries in both adults and children (WHO, 2003). Systematic reviews 
on the topic have also shown its potential to reduce decay in children (McDonagh et al, 
2000; Petersen and Lennon, 2004; Yeung, 2008), while also acknowledging mild side 
effects such as dental fluorosis. Other studies have shown the benefits of such initiatives 
for adults (Griffin et al, 2007). Fluoridation has also been shown to have the potential to 
reduce the social gradient in decay in UK cities (McGrady et al, 2012), with the work of 
Slade et al. (1996) on children with and without access to fluoridated water in Australia 
drawing similar conclusions. Within the UK the distribution of fluoridated water 
sources is far from universal, with around 6,000,000 people having access to fluoridated 
water of some kind, of which only 300,000 have access to naturally fluoridated water as 
of 2012 (British Fluoridation Society, 2012).  
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Within the theoretical framework of Macintyre and colleagues (2002) this variable 
would have been the sole relevant variable included within the ‘physical features of the 
environment shared by all residents in a locality’ theme, for which the authors used 
examples such as water quality and air pollution. However, the city of Sheffield is not 
fluoridated either naturally or artificially (bar small areas to the southeast of the city), 
and neither were the two study areas used in this research. Thus, neither the physical 
environment theme within the framework, or water fluoridation were featured in the 
agent-based models. This variable is potentially extremely important to Dental Public 
Health however, and should be the subject of future simulation modelling, where 
relevant.  
 
Social capital 
Social capital has been linked to children’s use of dental services through a variety of 
mechanisms, including diffusion of knowledge of health promotion, maintaining 
healthy behavioural norms, promoting access to services and amenities, and 
psychosocial support (Lida and Rozier, 2013). Contextual level social capital has been 
shown to be beneficial to the self-rated oral health of elderly citizens (Aida et al, 2011), 
while community centres have also been shown to be significantly related to dmft 
scores, potentially through chances to increase social cohesion and solidarity (Aida et al, 
2008). Tellez et al. (2006) also found associations between social institutions and better 
oral health. Neighbourhood level caries variation has also been related to perceived 
levels of empowerment in adults, although not to individual level social capital 
(Santiago et al, 2014). Conversely, caries has also been shown to be higher amongst 
those living alone (Avlund et al, 2003).  
While not all studies of social capital and tooth decay have found links between the two 
(Mathur et al, 2016), Rouxel et al. (2014) concluded that, despite the underdeveloped 
literature and mixed results of their review, social capital appeared to be a potential 
determinant of oral health. Social capital was featured in the fourth theme in the 
theoretical framework (‘socio-cultural features of a neighbourhood’), given its links to 
decay through social organisations (Tellez et al, 2006; Aida et al, 2011), as well as 
healthy behavioural norms and psychological effects (Lida and Rozier, 2013). 
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Within the agent-based models social capital featured in three pathways. As (contextual 
level) social capital formed the start of each of these pathways it was operationalised the 
same way each time, this coming in the form of crime data per LSOA from the 2015 
Indices of Multiple Deprivation. This variable included information on violence, 
burglary, theft and criminal damage per 1000 residents. The first pathway to include 
social capital was Pathway 4.4, which concentrated on the interactions between social 
capital and dental knowledge, while Pathway 4.5 was concerned with social capital and 
healthy behavioural norms. Finally, Pathway 4.6 focused on the relationship between 
social capital, stress and smoking. None of these pathways proved to have a significant 
impact on the overall score in the model in either Sheffield East or Sheffield West, 
which was somewhat surprising given the evidence for a link between various 
indicators of social capital and tooth decay within the literature.  
This brings into question the operationalisation of the data. Crime data was seen as an 
appropriate source for operationalising social capital, given the use of similar data in a 
previous oral health related study (Pattussi et al, 2001). A lack of other appropriate 
neighbourhood level data sources meant that this was also the only realistic option for 
this variable. Pathway 4.6 may have been affected by the issues associated with the 
‘stress -> smoking’ pathway which were discussed earlier. The use of fluoride level and 
dental attendance in Pathways 4.4 and 4.5 respectively would seem to be appropriate 
however, so it is difficult to see why these pathways did not have a significant impact 
on the outcome variable score. This is an emerging theme within this analysis however, 
where certain combinations of behaviours were shown to be significant, while other 
behaviours were not.  
It is worth remembering however that social capital is a difficult concept to include in 
quantitative analysis. There are numerous definitions of social capital (Celeste et al, 
2009), with no agreed upon preference among these. Crime was used as a proxy for 
social capital in this case, representing the idea of community cohesiveness, which fits 
with a previous study of oral health and social capital that used homicide rate to act as a 
proxy (Pattussi et al, 2001). However, it may be that this is not accurate enough to 
capture the nuanced nature of social capital. Crime scores may not reflect the 
complicated processes that occur as part of this measure, and the ADHS did not have 
enough relevant variables to supplement this. 
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Access to services 
Some authors have hypothesised that attendance rates may not be helped by some areas 
being underserved by dentists (Lang et al, 2008). Historically there has been an uneven 
distribution of dentists in the UK (Cook and Walker, 1967), the evidence for which has 
been added to in more recent studies (Jones et al, 2001), which may not have been 
helped by practices being free to set up wherever they wished before 2006 (Landes and 
Jardin, 2010). However, Macintyre et al. (2008) found no evidence to suggest an uneven 
distribution of dentists in Glasgow, UK. Some studies have also suggested that certain 
regions of the UK, such as the south of England, have difficulty accessing NHS 
dentistry in particular due to the rise in demand for private dentistry in these areas 
(Hancock et al, 1999; McGrath et al, 2001). 
Within the agent-based models the geographical distribution of dental services was 
covered by the point data used to model the locations of the dental services. The 
pathway associated with access to dental services (See Figure 7) was deemed to be too 
similar to Pathway 3.5 (dental service usage -> associated benefits/knowledge), and that 
running this would give an undue additional weighting to this effect, which might have 
adversely impacted the results of the model. Whilst this seems unlikely now given the 
nature of the results, logic at the time dictated that this pathway should not be included. 
 
6.4. Comparison of the two study areas 
The decision was made to test the theoretical pathways in two study areas within 
Sheffield, to see if different pathways had different impacts in the two geographical 
locations. The two study areas were chosen based on clusters of LSOAs with some of 
the highest and lowest tooth decay scores. Thus the study areas differed with respect to 
mean tooth decay scores, which also happened to coincide with considerable differences 
in a number of demographic and socio-economic variables.  
One of the most interesting trends from the analysis was the consistency of the results 
discussed above across the two study areas. Both study areas saw their only significant 
change in the outcome variable score occur upon the introduction of the pathway 
between shops/supermarkets, diet, and health damaging behaviours (Pathway 3.4). One 
explanation could be that the locations of shops and supermarkets and the interactions 
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that occur with sugar as a result of this are not mediated by common socio-demographic 
characteristics. This is, of course, a potential explanation for the two study areas in this 
research, and caution is urged regarding their generalisability to the UK as a whole. This 
explanation would not negate the importance of socio-economic standing or better oral 
health behaviours and attitudes, but rather could show that problems related to tooth 
decay come from similar sources in both of this study’s populations. Further, and as 
previously mentioned earlier in this discussion chapter (see Section 6.2.2), despite the 
theoretical pathways having very similar effects in both study areas, the second 
simulation experiment run as part of this research (adding an extra shop to each area) 
showed interesting differences between the two study areas. An extra shop was shown 
to lead to a statistically significant reduction in decay in the Sheffield West study area, 
while the pattern in Sheffield East remained relatively unchanged. This could indicate 
that opportunities within the local food environment in Sheffield West to reduce decay 
are influenced by both food availability and the number of shops, and in general are 
greater than in Sheffield East, where it may be that the types of food sold are more 
important to oral health. 
Given the differences in demographic and socio-economic variables between the areas 
(presented in Table 16) that are also known to be associated with the social determinants 
of health (Wilkinson and Marmot, 2003), it perhaps would have been expected that 
pathways might have different influences and driving mechanisms between the two 
areas. Clear social gradients have been demonstrated with regard to oral health 
outcomes, with Watt (2012) stating that ‘oral diseases are directly related to 
socioeconomic position in a step-wise graded fashion’ (p.44). Similar patterns have also 
emerged for tooth decay (Hobdell et al, 2003). Watt and Sheiham (1999) reported social 
class to be a determinant of tooth decay, and the closest equivalent to this variable in 
this research, the NS-SEC classification, showed marked differences across the two 
study areas. Other indicators recognised as social determinants (Wilkinson and Marmot, 
2003) including unemployment (Roberts-Thomson and Stewart, 2008), education 
(Brennan et al, 2007), and material circumstances (Nicolau et al, 2005) have also been 
linked with decay. All three of these variables (car ownership in the case of material 
circumstances, and degree ownership in the case of education) showed considerable 
differences between the two study areas. Given the trends from previous literature that 
has shown that while context is important, individual characteristics may be more so 
(Curtis and Rees-Jones, 1998; Macintyre et al, 2002), it is even more puzzling that more 
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differences were not seen between two samples with very different socio-economic 
characteristics with regard to the pathways.   
A potential explanation for the lack of expected differences could be seen in the results 
of Table 17. Watt and Sheiham (1999) have previously cited sugar consumption as 
playing a key role in causing decay, with the use of fluoridated dentifrice having the 
opposite effect. As can be seen in Table 17, the differences between the two study areas 
for variables such as using toothbrushes and paste, fluoride intake, high sugar intake, 
and both sweet and cake consumption are minimal. Even the dental attendance variables 
are not as markedly different as would be expected from reading the literature. With 
minimal differences in these variables, it may be that diet mediated by shops can impact 
on tooth decay regardless of socio-economic position, however those from more 
advantageous backgrounds may reap the protective effects of their prior socio-economic 
position, including lower numbers of decayed teeth (although intriguingly the final 
outcome variable scores for Sheffield West were higher than for Sheffield East). 
Despite the overall mechanisms from the pathways appearing to be similar between the 
two study areas, there were some interesting, if not statistically significant differences 
between them. Firstly, as can be seen in Figure 57 (Section 5.3.2), the trend in Sheffield 
West was steady until the introduction of Pathway 3.4, then was fairly steady again after 
the increase that accompanied the introduction of this pathway. Sheffield East on the 
other hand displayed a slightly different trend (Figure 56, Section 5.3.2). Here it can be 
seen that after the increase brought about by the introduction of Pathway 3.4, there was 
a subsequent decrease in the tooth decay score upon the implementation of three further 
pathways: Pathway 4.2, the pathway between health behaviours and oral health habits; 
Pathway 4.3, the pathway between health behaviours, dental attendance, dental 
knowledge, and dental health habits; and finally Pathway 4.4, the pathway between 
social capital and dental knowledge. While these pathways did not have a significant 
impact on the outcome variable score, they represented the only other notable change in 
the trend line beyond the introduction of the pathway between shops, diet/sugar intake 
and health damaging behaviours (Pathway 3.4). 
The themes associated with these pathways were health behaviours (operationalised as 
‘years of lost life’ from the IMD, 2015), oral health habits (operationalised as tooth 
brushing frequency), dental attendance, dental knowledge (operationalised as fluoride 
consumption), and social capital. It would seem unlikely that dental health habits (tooth 
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brushing, dental attendance, and fluoride intake) would benefit those from less socio-
economically advantaged populations, given the extensive literature around theories 
such as fundamental causes (Link and Phelan, 1995), as well as neo-materialist theories 
(Bissell and Peacock, 2011) that posit that those in more advantageous social positions 
tend to benefit most from health related resources and interventions. It has also been 
shown that those in more advantageous positions are more likely to brush teeth more 
frequently and use other beneficial oral hygiene products (Watt and Sheiham, 1999). In 
addition, while levels of decay have decreased inequalities in tooth decay persist (Watt, 
2007), suggested that these behaviours may not hold the key to closing the gap in tooth 
decay.  
It may be that social capital and the idea of community cohesion has more of an 
influence on health in areas with lower incomes. This idea is supported by previous 
work that has found high levels of social cohesion modified psychological distress in 
lower socio-economic communities (Erdem et al, 2015), as well as mental health 
outcomes in low income groups, with health-related behaviours and improvements in 
these being one hypothesised pathway in the case of mental health outcomes (Fone et al, 
2007).  
 
6.5. Strengths and limitations of the research 
6.5.1 Conceptual strengths 
A major conceptual strength of the approach taken in this research was the flexible 
nature of the theoretical framework, which allowed for a variety of different interactions 
and pathways to be included. This was after all the original intention of Macintyre and 
colleagues (2002). The carefully thought out themes from the original framework meant 
that all relevant aspects of neighbourhoods appeared to be covered, or could be 
accommodated within the custom pathways. The pathways also allowed for the focus on 
both neighbourhood based features (both built and physical) as well as the collective 
social actions of individuals within groups in the study areas. This gave the theoretical 
side of the work balance, as it was possible to look at the interactions between 
individual and neighbourhood level variables. This fits with previous literature on 
neighbourhoods and their effects on health, which suggests there is reason to believe 
neighbourhood level variables have some influence, but that individual level 
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characteristics are as, if not more, influential (Curtis and Rees-Jones, 1998). The 
approach of the framework allowed for this to be taken into consideration.  
The methods used in this research also managed to strike a conceptual balance between 
the conventional and relational views of neighbourhoods described in Section 2.2. 
Conventional administrative boundaries were used to define the study areas used for the 
agent-based modelling, and were kept to the small area level (LSOAs) in line with 
people feeling that their neighbourhoods were represented by the more immediate areas 
surrounding their house (Haynes et al, 2007). However, LSOAs are still big enough to 
include local facilities and features of the built environment that were important to this 
research, such as dentists and shops. The clustering of the LSOAs also allowed for a 
variety of these features to be included over a larger geographical area, in an attempt to 
include a more relational approach to the research (i.e. people not being restricted to 
features in their immediate surroundings). While a difficult balance to manage, this 
approach demonstrates how a certain level of compromise between these two theoretical 
approaches can be achieved.   
 
6.5.2. Methodological strengths 
The flexibility of the spatial microsimulation modelling in creating a representative 
population with operationalised data from the theoretical pathways represents one of the 
major strengths of this work. The ability to combine Census variables with those of a 
behavioural or attitudinal nature from survey data is a novel approach, and one that is 
still underused in health inequalities research, having never been used before within 
Dental Public Health. It allows researchers to create custom datasets to fit their research, 
using a reliable population synthesis technique, with the creation of new target variables 
that would not have been available in such detail previously. This is particularly 
beneficial when dealing with theoretical frameworks that need operationalising and 
populating with variables. This technique could be particularly useful in a discipline 
such as Dental Public Health that often uses surveys and questionnaires to collect data, 
offering a potentially cheaper and quicker alternative to gathering population data. The 
creation of the microdata also allowed for a more detailed picture to be painted of the 
individuals and households involved in the analysis (Ballas et al, 2005a) through both 
statistical and spatial analysis, while the consistency of the deterministic method (IPF) 
resulted in consistent results each time the model was run. While the statistical nature of 
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spatial microsimulation models has been seen as a negative at times when compared to 
the interactivity of other methods, Wu et al. (2008) demonstrate that it is also a positive, 
due to the presence of ‘important statistical mechanisms that ensure the similarity of 
what it predicts and what is actually observed in the gathered data’ (p.446).  
The use of open source software such as R to conduct the modelling was an additional 
benefit, as the packages associated with this software allow for the management, 
manipulation and analysis of data in the same programming environment, as well as 
offering links to other open source software packages. Although not used in this 
research, the ‘RNetlogo’ extension (Thiele and Grimm, 2010), a way of linking the 
simulation capabilities of NetLogo with the statistical controls of R, is a good example 
of this. The output of these models are also highly flexible, and could be imported into 
traditional databases such as Excel of SPSS, as well as geographical software to be 
mapped, allowing for a spatial consideration of disease in a population at a spatial scale 
previously not available. Nowadays spatial microsimulation is more readily accessible 
than ever, due to attempts to make the process more efficient for new and existing users. 
For example, Jones et al. (2016b) have scripted a package for easy spatial 
microsimulation modelling in R (‘rakeR’), while Tomintz et al. (2016) have created an 
interactive website (www.simsalud.org) which is designed to be easy to use, and is 
specifically aimed at non-programmers. 
The data from the spatial microsimulation model formed the backbone of the research, 
as it provided a representative synthetic population that could be used as the base 
population in the agent-based models. The use of the agent-based models allowed for 
the inclusion of dynamic and interactive simulation modelling, which added a new 
dimension to quantitative analyses of oral health inequalities. In particular, these 
features give the models an advantage over traditional statistical techniques, which are 
less well suited to testing the types of interactions and mechanisms representing 
behaviours (Baker and Gibson, 2014). The ‘low threshold, no ceiling’ (Tisue and 
Wilensky, 2004) nature of NetLogo allowed the theoretical pathways to be 
programmatically added to help set the modelling on a theoretically relevant course.  A 
further advantage of the use of agent-based models was the possibility to test the 
significance of a variety of potential relevant pathways where the literature was less 
conclusive, which could be discarded if not relevant for further research. The flexibility 
of such a novel method makes it a highly useful and adaptable tool.  
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6.5.3. Conceptual limitations 
As with any research, there are also a number of limitations that need to be addressed. 
Concerning the conceptual basis of this research, it is important to acknowledge that 
while the work is based on theory from relevant literature, the lack of neighbourhood 
based analysis within the Dental Public Health field may have hampered this to some 
degree. While theoretical concepts were also taken from the more general health 
inequalities literature, an underdeveloped dental literature on the subject of 
neighbourhood effects may have led to a slightly less developed framework. Curtis and 
Rees-Jones (1998) stated that the way places interact with health was under theorised 
when they published their work, with different elements of the body of theory either not 
integrated well, or still relatively underdeveloped. This is still true of the Dental Public 
Health field today, and it is hoped that this research can contribute to this area, aiding 
similar studies in the future.  
The way some pathways were constructed may also have affected their outcomes, if 
say, the effect of a more influential variable within a certain pathway was negated by 
one that was less influential. The marrying up of the theoretical concepts with data to 
represent them was also at times not as accurate as would have been liked, and this will 
be discussed in more detail in Section 6.5.4. Additionally, despite the deconstruction of 
the pathways being carried out in a thorough manner, and all of the singular pathways 
being present in the simulation at some point, it may be that this deconstruction from 
their original format (Figures 3-7, Section 3.5) caused some interactions between 
variables in nearby pathways to be left out.  
In line with this, there were also a number of variables that were not included in the 
final analysis for a variety of reasons. Race and ethnicity were shown to be an important 
predictor of tooth decay in the literature review, however they did not form part of a 
pathway. This was due to both conceptual and practical issues. Firstly, from a 
conceptual point of view, no studies have laid out the exact mechanisms by which a 
person’s race and/or ethnicity leads to tooth decay, which given the number of different 
races and ethnicities that would need to be modelled, is a limitation. It would not have 
been appropriate to start grouping ethnicity or race as ‘white’ versus ‘non-white’, as the 
situation is likely more complicated than that (Delgado-Angulo et al, 2015). From a 
practical point of view, this variable was not found to be statistically significant when 
judging potential constraint variables for the spatial microsimulation, leading to its 
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exclusion. Additionally, trying to include all ethnicities and/or races would be difficult 
within the simulation modelling given the number of different categories, and would 
likely make the models slower due to the extra calculations and interactions. This is in 
no way meant to diminish the importance of these variables, and future research should 
look to include them where possible. 
Similarly, variables such as age and gender, while again proving to be important 
predictors and being included in the spatial microsimulation modelling, did not fit 
explicitly within the remit of any of the pathways in Macintyre and colleagues’ (2002) 
framework, and were thus not included in the pathways. Further, an increased number 
of age brackets would have added additional processing time to the models. This 
represents the types of trade-offs that can occur in such research, involving a balancing 
act between accuracy and speed (Shendarkar et al, 2008). Locations such as community 
centres and churches should also be considered in future research, as these came to light 
as potentially important locations after the initial models had been designed. A great 
amount of detail was covered in the pathways, however not everything could be 
included, as they either did not fit explicitly within the framework, or could not be 
operationalised as easily. 
 
6.5.4. Methodological limitations 
With regard to operationalising the theory in this research, the ADHS contained barely 
enough variables to cover the theoretical framework that had been constructed. Suitable 
proxies were found for each of the constructs in the pathways, however it could still be 
argued that more suitable variables exist, and may be found in other surveys. Due to the 
methodological difficulties surrounding the inclusion of more than one survey data 
source in the microsimulation, this issue was not addressed in this research. This also 
led to some of the theoretical pathways being simplified with steps taken out of a 
number of these. This iss a great shame as there are many excellent data sets available, 
yet there is also often not enough overlapping of variables between them, or themes 
covered in enough detail to form one comprehensive dataset. For example, the ADHS is 
excellent in its coverage of clinical data and a number of behavioural variables, but 
lacks data on types of food and nutrients that are consumed beyond sugars. The 
Understanding Society dataset has a much more extensive range of food consumption 
variables, yet lacks the number of responses related to oral health that the ADHS has.  
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While a shame, it is probably not surprising given that each survey will have a 
particular focus in mind, and even if a survey was created for a more general purpose, it 
would be near impossible to cover every socio-economic, demographic and health 
related variable in enough ways to satisfy an entire research field. This leads to a 
familiar position where, despite theoretical work attempting to overcome limitations 
seen in quantitative work, theoretical work can to some degree be limited by data 
availability. This is however still a preferable approach compared to designing a study 
based firstly on data choices, with theory as an afterthought. 
This issue of data availability also affected the spatial microsimulation modelling in 
much the same way. While the models offer a flexible approach to combining surveys 
and Census data, they are still limited by the data that is available to them. Additionally, 
the size of the ADHS sample may also have affected the results of the spatial 
microsimulation modelling. Due to deleting missing data or NAs (which spatial 
microsimulation cannot process) the sample size fell from 11,380 individuals to 4,840. 
While a sizeable cohort, this was a large reduction from the original sample, and 
potentially much smaller than remaining sample sizes that may be left from other 
surveys. Conceptually, with a smaller pool of individuals and a potential reduction in 
the variety of characteristics in this pool, it may be harder for the method to recreate 
populations, and associated target variables as accurately. This theory is supported by 
the work of Ryan et al. (2009), who found that ‘as input sample size increases, resulting 
populations experience gains in accuracy’ (p.201). It must also be remembered that 
‘spatial microsimulation outputs are model estimates (the reliability of which depends 
on a wide range of factors) and not findings’ (Ballas et al, 2005a - p. 14), and are not 
suitable for predicting variables influenced by local or external factors (i.e. transport, 
public transport services, or the presence of large universities or single employers).  
One method that could be useful in both combining survey data and expanding sample 
sizes is data linkage, which Slack-Smith (2012) describes as ‘using probabilistic 
matching of identifiers such as name, address, date of birth, sex and medical record 
number’ (p.91). Slack-Smith (2012) has stated that data linkage could be useful for 
studying population trends in oral health outcomes over time, as well as potentially 
investigating causal pathways and relationships between different factors. Such work is 
still relatively rare within the field of Dental Public Health, yet has considerable 
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potential and clearly shares some common ground with spatial microsimulation 
modelling.  
On a similar note, techniques such as statistical matching could offer an alternative 
approach. This method works by matching records from one source to those in a second 
source using common identifiers, which allows information on the same units to be 
identified in both sources. For example, if one dataset contains variables X and Y, and a 
second source contains variables Y and Z, statistical matching aims to combine these 
sources, leading to files containing X, Y and Z (Moriarity and Scheuren, 2001). 
However the cases in the two files have little overlap, or are not available due to the 
potential to identify individuals, so generally records are matched with those from a 
second source that does not represent the same unit, but rather a similar one (Rodgers, 
1984). Previous spatial microsimulation models have successfully combined multiple 
survey data sources (Edwards and Clarke, 2009), however research papers often include 
little detail and practical advice regarding how to conduct such methods.  
A more practical concern with the research was the computational intensity of the 
agent-based models. Despite the use of the University of Sheffield’s supercomputer, the 
models had to be scaled down to a certain degree in order for multiple iterations of these 
to be run in time. In line with this, issues with computing power, time, and technical 
difficulties with code meant that a number of intended features for the agent-based 
models had to be left out. These included: social interactions between agents; family 
structures within the spatial microsimulation dataset (as opposed to a population of 
individuals); differentiation of agent movement with regard to speed, as well as 
potentially including different transportation options; and finally adding demographic 
shifts and life cycles to the models. The latter was included in Crooks’s (2008) 
exploratory update of Schelling’s (1971) segregation model, where agents were 
removed when reaching certain ages, and new agents introduced and given a random 
social class and age. This would be a valuable addition in future work.  
Further, while the manual calibration of the agent-based models worked in this research, 
for future research or potentially larger projects, more efficient parameter setting could 
be investigated through the use of genetic algorithms, and the inclusion of differential 
equations to determine agent rules. It is worth repeating earlier caution in the use of 
such methods however, as if the parameters created do not match or adhere to the data 
values of the survey data there is a risk that the theoretical side of the research could be 
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compromised, negating the point of doing it. Such concerns could be alleviated through 
using approaches similar to Heppenstall et al. (2007), whose work on agent-based 
models of petrol markets revealed that GA parameters were a close match to the original 
parameters chosen based on analysis of the market, and that the GA parameters 
produced better estimates when considering the spatial trends in pricing. Additionally, 
while this exploratory research was more concerned with the trends produced by the 
outputs of the agent-based models, the tooth decay scores produced as part of this were 
not as accurate as would have been desired. Future research should look to fine tune 
these, so that more accurate predictions of specific scores may be obtained, rather than 
just the analysis of trends. 
Finally, despite efforts to include relational geographies in this research, the use of 
geographical boundaries from the Census for the spatial units may still limit the 
inferences that can be made. For example, while multiple facilities were included within 
each study area, there is no guarantee that the study sample would not use facilities in 
other parts of the city. This could have been accounted for by modelling the whole city; 
however, this would have been far too computationally intensive. Even then there is no 
guarantee that individuals would not use services in other nearby towns such as 
Rotherham or Chesterfield. Perhaps most important to remember is that the models 
were only tested on two relatively small areas within one city, on a total of just over 
17,000 individuals. It is highly unlikely that these populations are representative of the 
overall population of the UK, given the socio-demographic statistics presented for each 
study area in Table 16. Therefore, the generalisability of the findings in this study to 
other urban areas within the UK should be interpreted with caution.   
 
6.5.5. Modelling assumptions 
There are a number of other considerations that should be taken into account when 
discussing the results of the model, including the assumptions made in building the 
agent-based models. These are not weaknesses as such, however these decisions 
influenced the structure of the models themselves, and so are worthy of further 
reflection. For example, Johnson and Groff (2014) have commented that ‘similar to 
other types of modeling, findings are constrained by the assumptions and rules that 
underpin the model’ (p.514). There are six assumptions that will be discussed, 
including: the use of mean scores as thresholds; the changes in agent characteristics 
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over the course of the model; setting the models to mirror the accumulation model of 
health inequalities; the changes to tooth decay scores over the course of the model; the 
timescale over which the model was run; and finally, the probabilities used to drive the 
models.  
Firstly, throughout the agent-based modelling thresholds were used to differentiate 
between groups, and the subsequent rules that were applied to them. On occasions the 
mean score of a variable was used as this threshold. This was usually in the case of the 
data representing the neighbourhood based variables, such as house price data (material 
circumstances), crime scores (social capital) and years of lost life (health behaviours). 
Education was also used to differentiate certain agent actions. These cut-off points may 
have been too crude at times, and perhaps breaking down variables into more distinct 
classifications would have helped capture more of the nuances of a potential social 
gradient. This decision was partly taken for practical reasons however, as breaking data 
down into quintiles, or even smaller categories, would have increased the computing 
time and complexity of the models. Conversely, data from the ADHS was split based on 
associated data scales and use of literature, to keep values in line with real world data. 
The second point regards the changing of agent characteristics as the agent-based 
models progressed. This was achieved through a score of 0.01 being either added to or 
subtracted from the relevant variable in question (i.e. tooth brushing frequency) 
depending on the rules for that agent. For example, if an agent was presumed to have 
higher sugar consumption, their sugar score would have 0.01 subtracted from it, in order 
to bring it in line with the real world value for high sugar consumption (‘1’). Whether 
this was an accurate reflection of the importance of each of the variables and 
mechanisms is open to debate. It may be that some variables require higher ‘weightings’ 
than others to emphasise their importance, which may affect the outcomes of certain 
pathways and the model in general. An approach similar to that taken by Dibben et al. 
(2007) could be used to address this issue. Their research used survey data and 
regression analysis to assign alternative weightings to the domains of the Indices of 
Multiple Deprivation, and is an approach that could easily be replicated for the data in 
the ADHS. This may help to confirm whether some variables should be given a 
weighting higher than others in such modelling, and is possibly an area for future 
research.  
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A third assumption concerns the way that the agent-based models were set up to mimic 
the accumulation model of health inequalities (Poulton et al, 2002). The premise behind 
this was that adverse exposures increase risk and have an additive effect over time, 
which leads to longer term damage later in life. These exposures could be due to a 
mixture of various individual, environmental and structural elements (Sisson, 2007). 
Some processes and the subsequent occurrence of diseases or conditions will take 
longer than others, and this was allowed for within the model (see Table 31, Section 
5.2.7). For example, the effects of lower education were presumed to have a longer 
term, and less immediate every day impact than the consumption of sugar, or not being 
able to afford certain food types. This was in line with previous research which found 
that the negative effects of unemployment on the health of an individual did not occur 
after one day, but rather over a longer term period of being unemployed (Mitchell et al, 
2002). Previous research has also suggested that social changes may have more 
immediate impacts on health, compared to the longer term impacts and changes to 
health associated with growing inequality (Adler and Newman, 2002). Additionally, 
Macintyre et al. (2002) have posited that plausible time intervals during which 
neighbourhood environments may influence health should be included in research 
hypotheses, as a lack of time lag between exposure and effect is unlikely to be accurate. 
The use of the accumulation model was a good fit for the approach taken within the 
analysis, as the addition or subtraction of 0.01 from individual characteristics matched 
the idea of additive exposures (or lack thereof) over time. This is in addition to the fact 
that the critical periods model of health inequalities would have been harder to 
implement programmatically. Thresholds were added to the simulations so that once an 
agent reached a certain critical point, their behaviour may change, or they would feel a 
different effect as a result of their behaviour. Conceptually this can be thought of as 
agents building an accumulation of certain conditions over time, before the effects take 
place once a critical threshold has been crossed at a certain point in time. This approach 
governed the way agent characteristics interacted and changed over the course of the 
model, so while it is highly unlikely that this influenced the overall trend seen in the 
analysis, it will have influenced the workings of the models that lead to them. Such 
approaches have been used more commonly in agent-based models of migration, with 
thresholds in place for events such as population or resources in a community declining 
sharply, or income falling below a certain level (Klabunde and Willekens, 2016). Upon 
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reaching these thresholds an agent would migrate, possibly based on ‘pull factors’ such 
as socio-economic or environmental conditions (Hassani-Mahmooei and Parris, 2012).  
The fourth assumption concerned the change in tooth decay scores in the model, which 
will now be discussed. Tooth decay scores were subject to the same addition or 
subtraction of 0.01 as the other agent characteristics. Of course it is not possible for 
people to have their tooth decay (or other variable scores) change by +/0.01, as this is 
not the way tooth decay is measured in the real world, and also because it is not possible 
for tooth decay scores to decrease once decay is present. This approach was taken to 
keep certain variables from becoming too large. As there were no births, deaths and 
more general demographic interactions within the model, the subtraction of values from 
certain characteristics was used to compensate for the lack of these demographic 
processes. This is because over a two-year period it would be expected that a certain 
amount of population turnover would take place, including births, deaths, individuals 
becoming 16 years old and hence becoming part of the study population, and 
individuals moving in and out of the study areas. As the inclusion of these dynamics 
were beyond the scope of the research, the decrease in tooth decay scores for some was 
an attempt to represent population change over time for those with better teeth. 
Conceptually, tooth decay scores are unlikely to increase in every member of a 
population over the two-year period, thus the subtraction acted as a way of keeping 
these scores in check, in lieu of the demographic processes that would normally occur. 
Previous agent-based models have included population turnover mechanisms, including 
Crooks (2008), who added deaths and births (with random locations and social classes) 
in his research updating Schelling’s (1971) residential segregation models. Geard et al. 
(2013) have also showed how population turnover can be replicated using probabilities 
based on the base characteristics of the individuals in the simulation, while Kim et al. 
(2014) have described how national level survey data can be used to help define 
demographic transition rates.  
The fifth assumption to be discussed regards the timescale over which the agent-based 
models were run. Based on clinical advice a time period of 2-3 years was identified as 
being appropriate for studying the process of tooth decay (from the inception of the 
disease to it showing visible signs). This was shortened to a 2-year period, based on the 
computational intensity of running the models. Each ‘tick’ in the model represented one 
day, which again was mainly due to the intensity of running the models, and the number 
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of different iterations of each model that needed running. This prevented the use of 
shorter time spans such as hours or minutes. While the results of the models seemed to 
move very firmly in one direction, and it seems unlikely that a different timescale would 
have affected the overall trends seen in this research, the choice to use days over smaller 
time units will still have played a role in shaping the running of the model. 
Finally, the last assumption to be addressed is that of the probabilities used the drive the 
agent movement in the simulations. Due to the lack of agent-based modelling conducted 
within the Dental Public Health field, combined with a lack of official data sources from 
which to make estimates, there was little on which to base the probabilities of visiting 
certain locations within the simulations, and defining these was a difficult task. Trends 
were therefore taken from the literature to guide the assignment of probabilities to make 
them theoretically relevant, however this still did not help with regard to assigning exact 
numbers to these probabilities. Therefore, the quantification of these values was to some 
degree subjective, although always with the literature in mind. Thus while the values 
themselves may not be exact in their nature, they are based on theoretically relevant 
trends and logic.  
For example, as mentioned in Section 6.2.2, shops are likely to be the most visited of 
the three locations, so in both study areas these locations had the highest probabilities of 
being visited. It was then difficult to judge the frequency of visiting further education 
facilities and dentists, so both were given equal weightings in each area, rather than 
picking one over another without reasoning to do so. This approach was as logical as it 
could be given the uncertainty surrounding these parameters. The higher weightings 
given to shops likely did influence the simulations in some way, but it is hard to argue 
with the logic behind this decision. Even tweaking the probabilities in each study area 
would seem unlikely to affect the overall trends seen in this research. The use of 
education as a differentiator between the probabilities of groups in each area may have 
been too crude (being binary in nature), but was preferable to using the troublesome 
NS-SEC variable. Education was also a theoretically relevant variable to use as a 
differentiator, given its links to oral health related behaviours (Chu et al, 1999; Williams 
et al, 2002; Singh et al, 2013) and dental attendance (Riley et al, 2006). The binary 
nature of the variable may have influenced the workings of the model however, and 
likely would not have reflected any potential social gradient in oral health related 
behaviours. 
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6.6. Summary 
This chapter has highlighted some surprising results from the agent-based modelling, 
namely that of all the potential determinants of tooth decay identified in Section 2.5, 
only one pathway containing diet and the locations of supermarkets had a significant 
impact on the outcome variable scores. This impact was the same across the two study 
areas, however this differed when a new shop was introduced in a separate simulation, 
suggesting different mechanisms through which diet and supermarket location may 
influence tooth decay in each area. Despite the advantages of studying tooth decay 
through combining theoretical work with two separate simulation methods, the findings 
of this research should be interpreted with caution due to the limitations listed in 
Sections 6.5.3 and 6.5.4, as well as the potential lack of generalisability of the results to 
other areas of the UK.  
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Chapter 7 - Conclusions and recommendations 
7.1. Introduction 
The following chapter will briefly discuss the overall findings of this thesis in relation 
to the original aim and objectives of the research, set out in Section 1.2. The main 
conclusions of the research will then be presented, before the implications of this work 
for future research and policy is discussed. 
 
7.2. Summary of research findings 
The overall aim of this research was to conduct an exploratory analysis to investigate 
how neighbourhood effects may influence patterns of spatial inequalities in tooth decay. 
In order to achieve this aim, three research objectives were set. These objectives will 
now be discussed in relation to the main findings from this research. 
 
 To identify theoretical pathways by which neighbourhoods influence tooth 
decay 
The above objective was achieved through a thorough search of the Dental Public 
Health literature on the subject of tooth decay. Along with literature from the Dental 
Public Health field, theory from the wider health inequalities field was also included in 
order to ‘fill gaps’ in the dentistry based theory, and to give guidance on wider patterns 
associated with certain themes. This literature was mapped onto a theoretical 
framework, conceptualised by Macintyre and colleagues (2002), which was designed to 
represent five conceptual themes by which neighbourhoods influence health 
inequalities. The framework was designed for the customisation of pathways for any 
health related subject. Through applying the literature from Dental Public Health, and 
the wider health inequalities field, a series of theoretical pathways by which various 
aspects of neighbourhood environments influenced tooth decay were identified. This 
stage of the research also helped to operationalise these theoretical pathways, as data for 
each of the individual elements of the pathways were taken from the Adult Dental 
Health Survey (2009), with data for the neighbourhood level elements collected from a 
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variety of other sources, including the 2011 Census, the Indices of Multiple Deprivation 
(2015), house price data (ONS, 2015), and geographical locations represented through 
point data.  
 
 To build simulation models capable of representing these theoretical pathways 
The second objective was achieved through the combination of two simulation models. 
Firstly, spatial microsimulation modelling was used to create a representative synthetic 
dataset of individuals for two study areas within Sheffield, by combining data from the 
2011 Census and the Adult Dental Health Survey (2009). The data that was 
operationalised as part of the previous objective was included in this process, so that the 
individuals created in the dataset were allocated appropriate values for all of these 
variables. The individuals in this dataset formed the basis of the agent-based models 
that were built to test the theoretical pathways in an interactive and dynamic way. 
Through the use of GIS, shapefiles and point data, a model was created for two study 
areas in Sheffield, complete with representative populations of individuals. The 
processes and mechanisms of the theoretical pathways were then added to the agent-
based models programmatically using code in order to provide the theoretical basis for 
the simulations. 
 
 To use these simulation models to find the most influential theoretical pathways 
within different neighbourhoods within Sheffield 
The theoretical pathways were tested in the agent-based models in a cumulative fashion, 
with an additional pathway being added to the models after each run. Through this 
process it was possible to analyse which pathways had a statistically significant impact 
on the overall tooth decay score for the models (either an increase or decrease). Any 
pathway that had a statistically significant impact on the outcome scores was given 
further consideration in an attempt to understand the nature of the mechanisms that may 
have led to the change in scores. A second simulation was then run with the addition of 
an extra shop in each study area, to test whether this had any effect on tooth decay 
scores. Through this series of simulations, the third objective of this research was 
achieved.  
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7.3. Conclusions 
 This was the first study to apply a neighbourhood based theoretical framework 
to an oral health related outcome, in order to create theoretical pathways by 
which neighbourhoods may influence tooth decay. 
 This was also the first piece of research to combine the population synthesis 
methods of spatial microsimulation modelling with the dynamic interactivity of 
agent-based modelling, in an attempt to simulate theoretical pathways. 
 Statistical analysis of the output of the agent-based models suggests that a 
pathway representing the interactions between shops, diet and sugar intake had 
the most influence on tooth decay scores, in both study areas. 
 These findings point to both individual level and neighbourhood level variables 
being potentially important for tooth decay scores. 
 The addition of an extra shop to each study area produced divergent results 
however, with decay decreasing in the more affluent Sheffield West, while 
remaining similar in Sheffield East. This could suggest that the food 
environment in Sheffield West may be more beneficial for tooth decay. 
 
7.4. Recommendations for future research 
7.4.1. Theory 
The theoretical work in this research has shown how the Dental Public Health literature 
can be applied to a conceptual framework on the subject of neighbourhood effects. 
There is great potential for other oral health related outcomes, and the literature 
associated with this, to be applied to such frameworks, allowing for an interdisciplinary 
approach to the study of oral diseases. Creating the theoretical pathways also helped to 
build a picture of research areas that have yet to be explored in depth. In this research 
this included themes such as the effects of housing environments, work, and particularly 
play environments (the main themes of Pathway 2), which remain underdeveloped. This 
also applies to the literature on the theme of area reputations and their effects on oral 
health outcomes, as well as the general lack of neighbourhood based features that have 
been included in studies. It is perhaps not surprising that certain areas of neighbourhood 
analysis remain underdeveloped within the dental literature, particularly given the focus 
on individual behaviours in relation to clinical outcomes, and social determinants of 
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health that have been more prominent themes. Further research to address these gaps 
would help to develop the neighbourhood based literature however.  
 
7.4.2. Spatial microsimulation 
Many studies within Dental Public Health rely on the use of patient questionnaires and 
large scale sampling methods to obtain data for further analysis. Spatial 
microsimulation could offer a quicker, and most likely more cost effective alternative to 
these methods, while also offering the flexible approach of being able to add variables 
at any point once the original model is completed. Beyond its use a data creation tool, 
the method would also be particularly useful for future research into small areas and 
neighbourhoods, as this remains an under researched area within Dental Public Health. 
Dynamic spatial microsimulation also offers the opportunity to project populations into 
the future, and assess the effects of certain policy changes over time on subsections of 
the population (Ballas et al, 2006). Dynamic spatial microsimulation can also project 
the attributes of individual microunits into a future state based on predefined transition 
rates (or rules), in order to assess future individual attributes (Kavroudakis et al, 2013), 
further adding to its potential for use within Dental Public Health.  
Future research should also aim to improve the fit of the external validation for these 
models. While sample size is likely to play a role (Ryan et al, 2009), it is worth 
considering other strategies to improve this. More stringent selection of constraint and 
target variables could aid in this, despite the risk of the model not constraining as well if 
less constraint variables are applied. In line with this, methods such as data linkage 
(Slack-Smith, 2012) and statistical matching (Rodgers, 1984; Moriarity and Scheuren, 
2001) should be investigated alongside spatial microsimulation methods, to see if these 
methods could benefit microsimulation models with regard to sample sizes and variable 
breadth.  
 
7.4.3. Agent-based models 
In relation to the findings of this research, the interactive dynamics of sugar purchasing 
and consumption by individuals and families would be a suitable future research subject 
for the use of agent-based modelling, and would have very relevant public health 
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implications. Future research should aim to build on the models in this thesis by fine 
tuning these simulations so that they are capable of making more precise predictions for 
health related outcomes. In line with this, Chapter 5 made reference to genetic 
algorithms which could be used to help parameterise such models in a potentially more 
efficient manner. Caution regarding accuracy in relation to real world data remains, and 
future research would benefit from attempts to measure the differences in accuracy 
between manual calibration, and the results of GAs, such as in the work of Heppenstall 
et al. (2007). A number of additional interactions would also add to the realism of the 
models. Currently the models lack some form of social interactions between agents, as 
well as family structures, and demographic turnover over the course of the model. An 
example of the latter can be seen in the work of Crooks (2008). Public transport 
systems, as well as differentiated agent movement speed would add further realism. 
Experimenting with weightings for variables (Dibben et al, 2007) may also provide 
more accuracy with regard to identifying more influential predictors of oral health. 
One topic that could benefit from the use of agent-based models is water fluoridation, 
given this method’s ability to model and simulate the effects of environmental factors 
on the health of populations. Other structural concepts, such as media and advertising 
would also make suitable future research topics for agent-based modelling. One idea 
could be to test the effects of local advertising campaigns on behaviours such as tooth 
brushing for example. The inclusion of wider regional and national level policies within 
neighbourhood level analysis would also be possible, as work by Heppenstall et al. 
(2016) asserts that ‘subsystems do not operate in isolation. In the short term they might 
appear to be independent from the rest of the system, but in the long run they are 
dependent on the aggregate system behavior’ (p.4). Creating models with influences 
over a number of different aggregate scales would allow for a comprehensive analysis 
of oral health related outcomes.  
Finally, given the success of incorporating a theoretical framework into an agent-based 
model in this research, future analyses should look to expand this approach to other 
relevant frameworks and theories. Cerda et al. (2014) provide an example of this in 
relation to the theory of fundamental causes (Link and Phelan, 1995), while the social 
determinants of health conceptual framework (WHO, 2010) would also benefit from 
this approach. 
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7.4.4. Oral health 
The finding that shops and supermarkets are potentially important neighbourhood based 
features warrants further investigation, particularly into dietary patterns and the types of 
sugary foods that are sold at these locations that may be most harmful to oral health. 
This would have important policy implications given the political landscape 
surrounding sugar in the UK currently. The introduction of the sugar tax in the UK in 
April 2018 means this variable will likely take on extra significance within the Dental 
Public Health landscape. Future research into the behavioural and social responses to 
this tax, as well as the effects on sales of soft drinks, would provide valuable insight 
into a key determinant of tooth decay. 
Regarding the results of this research, future work of a similar nature should also be 
conducted in different, or across a range of geographical areas to assess the consistency 
of such findings. The research in this study was conducted across two contrasting study 
areas in Sheffield, and as such may not be generalisable to the population of the UK. 
The methods used in this research could be used to replicate such an approach.  
Biological factors are another theme that should ideally be incorporated into future work 
where possible. Boyce et al. (2010) have shown that biological factors can be important 
in predicting tooth decay in children, however little work within Dental Public Health 
has incorporated such measures. This may primarily be a data issue, as operationalising 
biological data from public health datasets represents a significant challenge. It is worth 
considering the inclusion of such variables in future research however, as they likely 
play important roles, and would expand the already interdisciplinary nature of this type 
of work. Agent-based models have previously been used to simulate cariogenic activity 
in the oral biofilm (Head et al, 2014), so adding a societal element to such research 
could lend valuable insight into the relationship between biology and socio-economic 
variables. 
 
7.5 Recommendations for policy  
The main findings of this research are very topical and policy relevant, given the 
government’s intention to introduce the sugar tax in April 2018 (HM Revenue and 
Customs, 2016). This legislation ties into both of the main findings of this research, as 
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sugary products are likely sold in greatest quantities through supermarkets and shops. 
Being able to assess the potential effects of this tax, and gain an insight into sugar 
consumption in general would be a valuable policy tool. The methods used in this 
research would be highly relevant in aiding in such analysis, as well as studying future 
trends. Agent-based models have been shown to be effective in analysing the effects of 
policy implementation, in scenarios such as urban planning and land use (Ligmann-
Zielinska and Jonkowski, 2007), as well as social and behavioural responses to tax 
based scenarios (Hashimzade et al, 2015).  
Away from the findings of this research, the study of other dental based policies 
including themes such as new dental contracts, and the effects of the implementation of 
these, would also be beneficial to the field, and again would be suited to the methods 
used in this research. As mentioned previously, the effects of water fluoridation is 
another policy relevant topic that would benefit from such an approach. 
 
7.6. Summary of implications 
In summary, this research has demonstrated the benefits of a multi-disciplinary 
approach to investigating Dental Public Health related problems, by way of 
incorporation and testing of theoretical concepts through the use of simulation 
modelling. This approach has implications both conceptually and methodologically for 
Dental Public Health, as well as for policymakers given the relevance of the findings. 
Future analyses would benefit from using a combination of these methods in both a 
research and a policy context. The future use of theory to guide such a research 
approach is vital, and the design of the methodological side of the analysis allows for 
the addition of a new dimension to the study of oral health related outcomes.  
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Appendices 
Appendix A – Post-hoc (Bonferroni) test results for Sheffield East 
 
Multiple Comparisons 
Measure:   score   
Bonferroni   
(I) Model (J) Model 
Mean Difference 
(I-J) Std. Error Sig. 
95% Confidence Interval 
Lower Bound Upper Bound 
1 2 -1831.32 893492.297 1.000 -3170352.42 3166689.78 
3 -5513.49 893492.297 1.000 -3174034.59 3163007.61 
4 -3254.63 893492.297 1.000 -3171775.73 3165266.47 
5 -3250.92 893492.297 1.000 -3171772.02 3165270.18 
6 -5815.27 893492.297 1.000 -3174336.37 3162705.83 
7 -11506594.33* 893492.297 .000 -14675115.43 -8338073.24 
8 -11780651.30* 893492.297 .000 -14949172.40 -8612130.21 
9 -11890550.75* 893492.297 .000 -15059071.85 -8722029.66 
10 -11222652.09* 893492.297 .000 -14391173.18 -8054130.99 
11 -10365423.53* 893492.297 .000 -13533944.62 -7196902.43 
12 -8848737.26* 893492.297 .000 -12017258.36 -5680216.17 
13 -11249272.40* 893492.297 .000 -14417793.50 -8080751.30 
14 -11924842.80* 893492.297 .000 -15093363.90 -8756321.71 
2 1 1831.32 893492.297 1.000 -3166689.78 3170352.42 
3 -3682.17 893492.297 1.000 -3172203.27 3164838.93 
4 -1423.31 893492.297 1.000 -3169944.41 3167097.79 
5 -1419.60 893492.297 1.000 -3169940.70 3167101.50 
6 -3983.95 893492.297 1.000 -3172505.05 3164537.15 
7 -11504763.01* 893492.297 .000 -14673284.11 -8336241.92 
8 -11778819.98* 893492.297 .000 -14947341.08 -8610298.89 
9 -11888719.43* 893492.297 .000 -15057240.53 -8720198.34 
10 -11220820.77* 893492.297 .000 -14389341.86 -8052299.67 
11 -10363592.21* 893492.297 .000 -13532113.30 -7195071.11 
12 -8846905.94* 893492.297 .000 -12015427.04 -5678384.85 
13 -11247441.08* 893492.297 .000 -14415962.18 -8078919.98 
14 -11923011.48* 893492.297 .000 -15091532.58 -8754490.39 
3 1 5513.49 893492.297 1.000 -3163007.61 3174034.59 
2 3682.17 893492.297 1.000 -3164838.93 3172203.27 
4 2258.86 893492.297 1.000 -3166262.24 3170779.96 
5 2262.57 893492.297 1.000 -3166258.53 3170783.67 
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6 -301.78 893492.297 1.000 -3168822.88 3168219.32 
7 -11501080.84* 893492.297 .000 -14669601.94 -8332559.75 
8 -11775137.81* 893492.297 .000 -14943658.91 -8606616.72 
9 -11885037.26* 893492.297 .000 -15053558.36 -8716516.17 
10 -11217138.60* 893492.297 .000 -14385659.69 -8048617.50 
11 -10359910.04* 893492.297 .000 -13528431.13 -7191388.94 
12 -8843223.77* 893492.297 .000 -12011744.87 -5674702.68 
13 -11243758.91* 893492.297 .000 -14412280.01 -8075237.81 
14 -11919329.31* 893492.297 .000 -15087850.41 -8750808.22 
4 1 3254.63 893492.297 1.000 -3165266.47 3171775.73 
2 1423.31 893492.297 1.000 -3167097.79 3169944.41 
3 -2258.86 893492.297 1.000 -3170779.96 3166262.24 
5 3.71 893492.297 1.000 -3168517.39 3168524.81 
6 -2560.64 893492.297 1.000 -3171081.74 3165960.46 
7 -11503339.70* 893492.297 .000 -14671860.80 -8334818.61 
8 -11777396.67* 893492.297 .000 -14945917.77 -8608875.58 
9 -11887296.12* 893492.297 .000 -15055817.22 -8718775.03 
10 -11219397.46* 893492.297 .000 -14387918.55 -8050876.36 
11 -10362168.90* 893492.297 .000 -13530689.99 -7193647.80 
12 -8845482.63* 893492.297 .000 -12014003.73 -5676961.54 
13 -11246017.77* 893492.297 .000 -14414538.87 -8077496.67 
14 -11921588.17* 893492.297 .000 -15090109.27 -8753067.08 
5 1 3250.92 893492.297 1.000 -3165270.18 3171772.02 
2 1419.60 893492.297 1.000 -3167101.50 3169940.70 
3 -2262.57 893492.297 1.000 -3170783.67 3166258.53 
4 -3.71 893492.297 1.000 -3168524.81 3168517.39 
6 -2564.35 893492.297 1.000 -3171085.45 3165956.75 
7 -11503343.41* 893492.297 .000 -14671864.51 -8334822.32 
8 -11777400.38* 893492.297 .000 -14945921.48 -8608879.29 
9 -11887299.83* 893492.297 .000 -15055820.93 -8718778.74 
10 -11219401.17* 893492.297 .000 -14387922.26 -8050880.07 
11 -10362172.61* 893492.297 .000 -13530693.70 -7193651.51 
12 -8845486.34* 893492.297 .000 -12014007.44 -5676965.25 
13 -11246021.48* 893492.297 .000 -14414542.58 -8077500.38 
14 -11921591.88* 893492.297 .000 -15090112.98 -8753070.79 
6 1 5815.27 893492.297 1.000 -3162705.83 3174336.37 
2 3983.95 893492.297 1.000 -3164537.15 3172505.05 
3 301.78 893492.297 1.000 -3168219.32 3168822.88 
4 2560.64 893492.297 1.000 -3165960.46 3171081.74 
5 2564.35 893492.297 1.000 -3165956.75 3171085.45 
7 -11500779.06* 893492.297 .000 -14669300.16 -8332257.97 
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8 -11774836.03* 893492.297 .000 -14943357.13 -8606314.94 
9 -11884735.48* 893492.297 .000 -15053256.58 -8716214.39 
10 -11216836.82* 893492.297 .000 -14385357.91 -8048315.72 
11 -10359608.26* 893492.297 .000 -13528129.35 -7191087.16 
12 -8842921.99* 893492.297 .000 -12011443.09 -5674400.90 
13 -11243457.13* 893492.297 .000 -14411978.23 -8074936.03 
14 -11919027.53* 893492.297 .000 -15087548.63 -8750506.44 
7 1 11506594.33* 893492.297 .000 8338073.24 14675115.43 
2 11504763.01* 893492.297 .000 8336241.92 14673284.11 
3 11501080.84* 893492.297 .000 8332559.75 14669601.94 
4 11503339.70* 893492.297 .000 8334818.61 14671860.80 
5 11503343.41* 893492.297 .000 8334822.32 14671864.51 
6 11500779.06* 893492.297 .000 8332257.97 14669300.16 
8 -274056.97 893492.297 1.000 -3442578.06 2894464.13 
9 -383956.42 893492.297 1.000 -3552477.51 2784564.68 
10 283942.25 893492.297 1.000 -2884578.85 3452463.34 
11 1141170.80 893492.297 1.000 -2027350.29 4309691.90 
12 2657857.07 893492.297 .320 -510664.02 5826378.17 
13 257321.93 893492.297 1.000 -2911199.16 3425843.03 
14 -418248.47 893492.297 1.000 -3586769.56 2750272.63 
8 1 11780651.30* 893492.297 .000 8612130.21 14949172.40 
2 11778819.98* 893492.297 .000 8610298.89 14947341.08 
3 11775137.81* 893492.297 .000 8606616.72 14943658.91 
4 11777396.67* 893492.297 .000 8608875.58 14945917.77 
5 11777400.38* 893492.297 .000 8608879.29 14945921.48 
6 11774836.03* 893492.297 .000 8606314.94 14943357.13 
7 274056.97 893492.297 1.000 -2894464.13 3442578.06 
9 -109899.45 893492.297 1.000 -3278420.54 3058621.65 
10 557999.22 893492.297 1.000 -2610521.88 3726520.31 
11 1415227.77 893492.297 1.000 -1753293.32 4583748.87 
12 2931914.04 893492.297 .122 -236607.05 6100435.14 
13 531378.90 893492.297 1.000 -2637142.19 3699900.00 
14 -144191.50 893492.297 1.000 -3312712.60 3024329.60 
9 1 11890550.75* 893492.297 .000 8722029.66 15059071.85 
2 11888719.43* 893492.297 .000 8720198.34 15057240.53 
3 11885037.26* 893492.297 .000 8716516.17 15053558.36 
4 11887296.12* 893492.297 .000 8718775.03 15055817.22 
5 11887299.83* 893492.297 .000 8718778.74 15055820.93 
6 11884735.48* 893492.297 .000 8716214.39 15053256.58 
7 383956.42 893492.297 1.000 -2784564.68 3552477.51 
8 109899.45 893492.297 1.000 -3058621.65 3278420.54 
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10 667898.67 893492.297 1.000 -2500622.43 3836419.76 
11 1525127.22 893492.297 1.000 -1643393.87 4693648.32 
12 3041813.49 893492.297 .081 -126707.60 6210334.59 
13 641278.35 893492.297 1.000 -2527242.74 3809799.45 
14 -34292.05 893492.297 1.000 -3202813.15 3134229.04 
10 1 11222652.09* 893492.297 .000 8054130.99 14391173.18 
2 11220820.77* 893492.297 .000 8052299.67 14389341.86 
3 11217138.60* 893492.297 .000 8048617.50 14385659.69 
4 11219397.46* 893492.297 .000 8050876.36 14387918.55 
5 11219401.17* 893492.297 .000 8050880.07 14387922.26 
6 11216836.82* 893492.297 .000 8048315.72 14385357.91 
7 -283942.25 893492.297 1.000 -3452463.34 2884578.85 
8 -557999.22 893492.297 1.000 -3726520.31 2610521.88 
9 -667898.67 893492.297 1.000 -3836419.76 2500622.43 
11 857228.56 893492.297 1.000 -2311292.54 4025749.65 
12 2373914.82 893492.297 .811 -794606.27 5542435.92 
13 -26620.31 893492.297 1.000 -3195141.41 3141900.78 
14 -702190.72 893492.297 1.000 -3870711.81 2466330.38 
11 1 10365423.53* 893492.297 .000 7196902.43 13533944.62 
2 10363592.21* 893492.297 .000 7195071.11 13532113.30 
3 10359910.04* 893492.297 .000 7191388.94 13528431.13 
4 10362168.90* 893492.297 .000 7193647.80 13530689.99 
5 10362172.61* 893492.297 .000 7193651.51 13530693.70 
6 10359608.26* 893492.297 .000 7191087.16 13528129.35 
7 -1141170.80 893492.297 1.000 -4309691.90 2027350.29 
8 -1415227.77 893492.297 1.000 -4583748.87 1753293.32 
9 -1525127.22 893492.297 1.000 -4693648.32 1643393.87 
10 -857228.56 893492.297 1.000 -4025749.65 2311292.54 
12 1516686.27 893492.297 1.000 -1651834.83 4685207.36 
13 -883848.87 893492.297 1.000 -4052369.97 2284672.22 
14 -1559419.27 893492.297 1.000 -4727940.37 1609101.82 
12 1 8848737.26* 893492.297 .000 5680216.17 12017258.36 
2 8846905.94* 893492.297 .000 5678384.85 12015427.04 
3 8843223.77* 893492.297 .000 5674702.68 12011744.87 
4 8845482.63* 893492.297 .000 5676961.54 12014003.73 
5 8845486.34* 893492.297 .000 5676965.25 12014007.44 
6 8842921.99* 893492.297 .000 5674400.90 12011443.09 
7 -2657857.07 893492.297 .320 -5826378.17 510664.02 
8 -2931914.04 893492.297 .122 -6100435.14 236607.05 
9 -3041813.49 893492.297 .081 -6210334.59 126707.60 
10 -2373914.82 893492.297 .811 -5542435.92 794606.27 
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11 -1516686.27 893492.297 1.000 -4685207.36 1651834.83 
13 -2400535.14 893492.297 .745 -5569056.23 767985.96 
14 -3076105.54 893492.297 .071 -6244626.64 92415.55 
13 1 11249272.40* 893492.297 .000 8080751.30 14417793.50 
2 11247441.08* 893492.297 .000 8078919.98 14415962.18 
3 11243758.91* 893492.297 .000 8075237.81 14412280.01 
4 11246017.77* 893492.297 .000 8077496.67 14414538.87 
5 11246021.48* 893492.297 .000 8077500.38 14414542.58 
6 11243457.13* 893492.297 .000 8074936.03 14411978.23 
7 -257321.93 893492.297 1.000 -3425843.03 2911199.16 
8 -531378.90 893492.297 1.000 -3699900.00 2637142.19 
9 -641278.35 893492.297 1.000 -3809799.45 2527242.74 
10 26620.31 893492.297 1.000 -3141900.78 3195141.41 
11 883848.87 893492.297 1.000 -2284672.22 4052369.97 
12 2400535.14 893492.297 .745 -767985.96 5569056.23 
14 -675570.40 893492.297 1.000 -3844091.50 2492950.69 
14 1 11924842.80* 893492.297 .000 8756321.71 15093363.90 
2 11923011.48* 893492.297 .000 8754490.39 15091532.58 
3 11919329.31* 893492.297 .000 8750808.22 15087850.41 
4 11921588.17* 893492.297 .000 8753067.08 15090109.27 
5 11921591.88* 893492.297 .000 8753070.79 15090112.98 
6 11919027.53* 893492.297 .000 8750506.44 15087548.63 
7 418248.47 893492.297 1.000 -2750272.63 3586769.56 
8 144191.50 893492.297 1.000 -3024329.60 3312712.60 
9 34292.05 893492.297 1.000 -3134229.04 3202813.15 
10 702190.72 893492.297 1.000 -2466330.38 3870711.81 
11 1559419.27 893492.297 1.000 -1609101.82 4727940.37 
12 3076105.54 893492.297 .071 -92415.55 6244626.64 
13 675570.40 893492.297 1.000 -2492950.69 3844091.50 
Based on observed means. 
 The error term is Mean Square(Error) = 3991642427229.323. 
*. The mean difference is significant at the .05 level. 
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Appendix B – Post-hoc (Bonferroni) test results for Sheffield West 
 
Multiple Comparisons 
Measure:   score   
Bonferroni   
(I) model (J) model 
Mean Difference 
(I-J) Std. Error Sig. 
95% Confidence Interval 
Lower Bound Upper Bound 
1 2 -2592.29 252498.609 1.000 -898008.14 892823.56 
3 -6773.63 252498.609 1.000 -902189.48 888642.22 
4 -4482.97 252498.609 1.000 -899898.82 890932.88 
5 -2605.71 252498.609 1.000 -898021.56 892810.14 
6 -6270.96 252498.609 1.000 -901686.81 889144.89 
7 -25231260.11* 252498.609 .000 -26126675.96 -24335844.26 
8 -25251828.54* 252498.609 .000 -26147244.40 -24356412.69 
9 -25134794.56* 252498.609 .000 -26030210.42 -24239378.71 
10 -25195897.49* 252498.609 .000 -26091313.35 -24300481.64 
11 -25336312.02* 252498.609 .000 -26231727.87 -24440896.16 
12 -25303953.35* 252498.609 .000 -26199369.20 -24408537.49 
13 -25892112.99* 252498.609 .000 -26787528.84 -24996697.13 
14 -25281559.39* 252498.609 .000 -26176975.24 -24386143.54 
2 1 2592.29 252498.609 1.000 -892823.56 898008.14 
3 -4181.34 252498.609 1.000 -899597.19 891234.51 
4 -1890.68 252498.609 1.000 -897306.53 893525.17 
5 -13.42 252498.609 1.000 -895429.27 895402.43 
6 -3678.67 252498.609 1.000 -899094.52 891737.18 
7 -25228667.82* 252498.609 .000 -26124083.67 -24333251.97 
8 -25249236.25* 252498.609 .000 -26144652.11 -24353820.40 
9 -25132202.27* 252498.609 .000 -26027618.13 -24236786.42 
10 -25193305.20* 252498.609 .000 -26088721.06 -24297889.35 
11 -25333719.73* 252498.609 .000 -26229135.58 -24438303.87 
12 -25301361.06* 252498.609 .000 -26196776.91 -24405945.20 
13 -25889520.70* 252498.609 .000 -26784936.55 -24994104.84 
14 -25278967.10* 252498.609 .000 -26174382.95 -24383551.25 
3 1 6773.63 252498.609 1.000 -888642.22 902189.48 
2 4181.34 252498.609 1.000 -891234.51 899597.19 
4 2290.66 252498.609 1.000 -893125.19 897706.51 
5 4167.92 252498.609 1.000 -891247.93 899583.77 
6 502.67 252498.609 1.000 -894913.18 895918.52 
7 -25224486.48* 252498.609 .000 -26119902.33 -24329070.63 
8 -25245054.91* 252498.609 .000 -26140470.77 -24349639.06 
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9 -25128020.93* 252498.609 .000 -26023436.79 -24232605.08 
10 -25189123.86* 252498.609 .000 -26084539.72 -24293708.01 
11 -25329538.39* 252498.609 .000 -26224954.24 -24434122.53 
12 -25297179.72* 252498.609 .000 -26192595.57 -24401763.86 
13 -25885339.36* 252498.609 .000 -26780755.21 -24989923.50 
14 -25274785.76* 252498.609 .000 -26170201.61 -24379369.91 
4 1 4482.97 252498.609 1.000 -890932.88 899898.82 
2 1890.68 252498.609 1.000 -893525.17 897306.53 
3 -2290.66 252498.609 1.000 -897706.51 893125.19 
5 1877.26 252498.609 1.000 -893538.59 897293.11 
6 -1787.99 252498.609 1.000 -897203.84 893627.86 
7 -25226777.14* 252498.609 .000 -26122192.99 -24331361.29 
8 -25247345.57* 252498.609 .000 -26142761.43 -24351929.72 
9 -25130311.59* 252498.609 .000 -26025727.45 -24234895.74 
10 -25191414.52* 252498.609 .000 -26086830.38 -24295998.67 
11 -25331829.05* 252498.609 .000 -26227244.90 -24436413.19 
12 -25299470.38* 252498.609 .000 -26194886.23 -24404054.52 
13 -25887630.02* 252498.609 .000 -26783045.87 -24992214.16 
14 -25277076.42* 252498.609 .000 -26172492.27 -24381660.57 
5 1 2605.71 252498.609 1.000 -892810.14 898021.56 
2 13.42 252498.609 1.000 -895402.43 895429.27 
3 -4167.92 252498.609 1.000 -899583.77 891247.93 
4 -1877.26 252498.609 1.000 -897293.11 893538.59 
6 -3665.25 252498.609 1.000 -899081.10 891750.60 
7 -25228654.40* 252498.609 .000 -26124070.25 -24333238.55 
8 -25249222.83* 252498.609 .000 -26144638.69 -24353806.98 
9 -25132188.85* 252498.609 .000 -26027604.71 -24236773.00 
10 -25193291.78* 252498.609 .000 -26088707.64 -24297875.93 
11 -25333706.31* 252498.609 .000 -26229122.16 -24438290.45 
12 -25301347.64* 252498.609 .000 -26196763.49 -24405931.78 
13 -25889507.28* 252498.609 .000 -26784923.13 -24994091.42 
14 -25278953.68* 252498.609 .000 -26174369.53 -24383537.83 
6 1 6270.96 252498.609 1.000 -889144.89 901686.81 
2 3678.67 252498.609 1.000 -891737.18 899094.52 
3 -502.67 252498.609 1.000 -895918.52 894913.18 
4 1787.99 252498.609 1.000 -893627.86 897203.84 
5 3665.25 252498.609 1.000 -891750.60 899081.10 
7 -25224989.15* 252498.609 .000 -26120405.00 -24329573.30 
8 -25245557.58* 252498.609 .000 -26140973.44 -24350141.73 
9 -25128523.60* 252498.609 .000 -26023939.46 -24233107.75 
10 -25189626.53* 252498.609 .000 -26085042.39 -24294210.68 
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11 -25330041.06* 252498.609 .000 -26225456.91 -24434625.20 
12 -25297682.39* 252498.609 .000 -26193098.24 -24402266.53 
13 -25885842.03* 252498.609 .000 -26781257.88 -24990426.17 
14 -25275288.43* 252498.609 .000 -26170704.28 -24379872.58 
7 1 25231260.11* 252498.609 .000 24335844.26 26126675.96 
2 25228667.82* 252498.609 .000 24333251.97 26124083.67 
3 25224486.48* 252498.609 .000 24329070.63 26119902.33 
4 25226777.14* 252498.609 .000 24331361.29 26122192.99 
5 25228654.40* 252498.609 .000 24333238.55 26124070.25 
6 25224989.15* 252498.609 .000 24329573.30 26120405.00 
8 -20568.43 252498.609 1.000 -915984.29 874847.42 
9 96465.55 252498.609 1.000 -798950.31 991881.40 
10 35362.62 252498.609 1.000 -860053.24 930778.47 
11 -105051.91 252498.609 1.000 -1000467.76 790363.95 
12 -72693.24 252498.609 1.000 -968109.09 822722.62 
13 -660852.88 252498.609 .905 -1556268.73 234562.98 
14 -50299.28 252498.609 1.000 -945715.13 845116.57 
8 1 25251828.54* 252498.609 .000 24356412.69 26147244.40 
2 25249236.25* 252498.609 .000 24353820.40 26144652.11 
3 25245054.91* 252498.609 .000 24349639.06 26140470.77 
4 25247345.57* 252498.609 .000 24351929.72 26142761.43 
5 25249222.83* 252498.609 .000 24353806.98 26144638.69 
6 25245557.58* 252498.609 .000 24350141.73 26140973.44 
7 20568.43 252498.609 1.000 -874847.42 915984.29 
9 117033.98 252498.609 1.000 -778381.87 1012449.83 
10 55931.05 252498.609 1.000 -839484.80 951346.90 
11 -84483.47 252498.609 1.000 -979899.33 810932.38 
12 -52124.80 252498.609 1.000 -947540.66 843291.05 
13 -640284.44 252498.609 1.000 -1535700.30 255131.41 
14 -29730.85 252498.609 1.000 -925146.70 865685.01 
9 1 25134794.56* 252498.609 .000 24239378.71 26030210.42 
2 25132202.27* 252498.609 .000 24236786.42 26027618.13 
3 25128020.93* 252498.609 .000 24232605.08 26023436.79 
4 25130311.59* 252498.609 .000 24234895.74 26025727.45 
5 25132188.85* 252498.609 .000 24236773.00 26027604.71 
6 25128523.60* 252498.609 .000 24233107.75 26023939.46 
7 -96465.55 252498.609 1.000 -991881.40 798950.31 
8 -117033.98 252498.609 1.000 -1012449.83 778381.87 
10 -61102.93 252498.609 1.000 -956518.78 834312.92 
11 -201517.45 252498.609 1.000 -1096933.31 693898.40 
12 -169158.78 252498.609 1.000 -1064574.64 726257.07 
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13 -757318.42 252498.609 .297 -1652734.28 138097.43 
14 -146764.83 252498.609 1.000 -1042180.68 748651.03 
10 1 25195897.49* 252498.609 .000 24300481.64 26091313.35 
2 25193305.20* 252498.609 .000 24297889.35 26088721.06 
3 25189123.86* 252498.609 .000 24293708.01 26084539.72 
4 25191414.52* 252498.609 .000 24295998.67 26086830.38 
5 25193291.78* 252498.609 .000 24297875.93 26088707.64 
6 25189626.53* 252498.609 .000 24294210.68 26085042.39 
7 -35362.62 252498.609 1.000 -930778.47 860053.24 
8 -55931.05 252498.609 1.000 -951346.90 839484.80 
9 61102.93 252498.609 1.000 -834312.92 956518.78 
11 -140414.52 252498.609 1.000 -1035830.38 755001.33 
12 -108055.85 252498.609 1.000 -1003471.71 787360.00 
13 -696215.49 252498.609 .609 -1591631.35 199200.36 
14 -85661.90 252498.609 1.000 -981077.75 809753.96 
11 1 25336312.02* 252498.609 .000 24440896.16 26231727.87 
2 25333719.73* 252498.609 .000 24438303.87 26229135.58 
3 25329538.39* 252498.609 .000 24434122.53 26224954.24 
4 25331829.05* 252498.609 .000 24436413.19 26227244.90 
5 25333706.31* 252498.609 .000 24438290.45 26229122.16 
6 25330041.06* 252498.609 .000 24434625.20 26225456.91 
7 105051.91 252498.609 1.000 -790363.95 1000467.76 
8 84483.47 252498.609 1.000 -810932.38 979899.33 
9 201517.45 252498.609 1.000 -693898.40 1096933.31 
10 140414.52 252498.609 1.000 -755001.33 1035830.38 
12 32358.67 252498.609 1.000 -863057.18 927774.52 
13 -555800.97 252498.609 1.000 -1451216.82 339614.88 
14 54752.63 252498.609 1.000 -840663.23 950168.48 
12 1 25303953.35* 252498.609 .000 24408537.49 26199369.20 
2 25301361.06* 252498.609 .000 24405945.20 26196776.91 
3 25297179.72* 252498.609 .000 24401763.86 26192595.57 
4 25299470.38* 252498.609 .000 24404054.52 26194886.23 
5 25301347.64* 252498.609 .000 24405931.78 26196763.49 
6 25297682.39* 252498.609 .000 24402266.53 26193098.24 
7 72693.24 252498.609 1.000 -822722.62 968109.09 
8 52124.80 252498.609 1.000 -843291.05 947540.66 
9 169158.78 252498.609 1.000 -726257.07 1064574.64 
10 108055.85 252498.609 1.000 -787360.00 1003471.71 
11 -32358.67 252498.609 1.000 -927774.52 863057.18 
13 -588159.64 252498.609 1.000 -1483575.49 307256.21 
14 22393.96 252498.609 1.000 -873021.90 917809.81 
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13 1 25892112.99* 252498.609 .000 24996697.13 26787528.84 
2 25889520.70* 252498.609 .000 24994104.84 26784936.55 
3 25885339.36* 252498.609 .000 24989923.50 26780755.21 
4 25887630.02* 252498.609 .000 24992214.16 26783045.87 
5 25889507.28* 252498.609 .000 24994091.42 26784923.13 
6 25885842.03* 252498.609 .000 24990426.17 26781257.88 
7 660852.88 252498.609 .905 -234562.98 1556268.73 
8 640284.44 252498.609 1.000 -255131.41 1535700.30 
9 757318.42 252498.609 .297 -138097.43 1652734.28 
10 696215.49 252498.609 .609 -199200.36 1591631.35 
11 555800.97 252498.609 1.000 -339614.88 1451216.82 
12 588159.64 252498.609 1.000 -307256.21 1483575.49 
14 610553.60 252498.609 1.000 -284862.26 1505969.45 
14 1 25281559.39* 252498.609 .000 24386143.54 26176975.24 
2 25278967.10* 252498.609 .000 24383551.25 26174382.95 
3 25274785.76* 252498.609 .000 24379369.91 26170201.61 
4 25277076.42* 252498.609 .000 24381660.57 26172492.27 
5 25278953.68* 252498.609 .000 24383537.83 26174369.53 
6 25275288.43* 252498.609 .000 24379872.58 26170704.28 
7 50299.28 252498.609 1.000 -845116.57 945715.13 
8 29730.85 252498.609 1.000 -865685.01 925146.70 
9 146764.83 252498.609 1.000 -748651.03 1042180.68 
10 85661.90 252498.609 1.000 -809753.96 981077.75 
11 -54752.63 252498.609 1.000 -950168.48 840663.23 
12 -22393.96 252498.609 1.000 -917809.81 873021.90 
13 -610553.60 252498.609 1.000 -1505969.45 284862.26 
Based on observed means. 
 The error term is Mean Square(Error) = 318777736873.749. 
*. The mean difference is significant at the .05 level. 
 
 
